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Abstract 
ii 
This thesis is aimed at investigating the possibility to model the risk of stocks in financial 
markets and evaluating the adequacy and eftectiveness of univariate GARCH models such as the 
symmetric GARCH and a few other variations such as the EGARCH, T ARCH and PARCH in 
modelling volatility in monthly returns of stocks traded on the Johannesburg Stock Exchange. This 
is further used to investigate the importance of GARCH modelling in portfolio construction using 
Improved Sharpe Single Index Models. The data used for model estimation has been randomly 
selected 5:om different sectors of the South African economy. GARCH models are estimated and 
validated for the data series of the randomly selected 15 JSE stocks. Conclusions are drawn 
regarding the ditTerent GARCH models, best lag structure and best enor distributions for 
modelling. The GARCH (1,1) model demonstrates a relati\cly good forecasting perf(mnanee as 
far as the short tern1 forecasting horizon is concerned. HCl\\cver. the use of alternatives to the 
more common GARCH (1,1) and use 0 f non-norn1al distributions is not clearly supported. Also, 
the use of higher order GARCH models such as the GARCH (1,2), GARCH (2,1) and GARCH 
(2.2) is not clearly supported and the GARCH (1, 1) remains superior overall to these models. The 
results obtained from this thesis are of paramount importancc in portfolio construction, option 
pricing and forn1Ulating hedging strategies. An illustration of the importance of the G ARCH (1,1) 
model in pOIitolio construction is given and conclusions are drawn regarding its usefulness in 
imprcl\ing our volatility estimations t()r pUI1Joses of portfolio construction. 
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Chapter 1. Introduction 
1.1 Background to Study 
1 
The measurement of risk on specific assets has become increasingly important in recent 
times. Risk can be divided into three broad subcategories namely strategic risks, operational risks 
and financial risks. However, in this thesis \ve focus on financial risks, more precisely stock 
market risk, which is classified under financial risks. Calculating stock market risks has become 
increasingly important for portj()lio selection, pricing derimtil·es and hedging strategies. In a 
broad sense companies as well as investors want to have good contro I of the risk inherent in their 
investments. In the financial market this is of even greater importance as stock markets are 
increasingly volatile as a consequence of globalization. Onc of the inherent hazards of investing in 
financial markets is the risk of a major event or occurrence causing a sudden large shock to stock 
prices and \olatilities. There arc many recent examples of evcnt risk such as the stock market 
crash of October 19, 1987 in which the DO\\' index fell by 508 points; the October 27, 1997 drop in 
the Dow index by more than 554 points, and the flight to quality in the aftermath of the Russian 
debt default where s\vap spreads increased on August 27, 1998 by more than twenty times their 
daily standard deviation, leading to the dO\vnfall of Long Term Capital Management (LTCM) and 
many other highly-leveraged hedge h.l11ds. Each of these events "vas accompanied by major 
increases in market volatility which had a downside on financial markets. Hence the increasing 
interest in the modelling of financial market risk for purposes of portfolio construction as well as 
many other financial applications. 
The notion of efficient markets has made it increasingly difficult to forecast the volatility of 
stock markets with certainty. However, several models have been suggested to try and predict 
future volatility including GARCH models, although f()recasting of \olatility cannot be achie\·ed 
with certainty. Furthermore, volatility models aimed at predicting stock return volatility have 
lotely received a lot of attention in the literature since previous research work has shown that stock 
return variances as well as the covariances 0 f stock returns are not constant over time but evo Ive 
over time (Bollerslev 1986). 
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2 
1.2 Aims and Objectives 
The overall objecti\'e of this thesis is: 
• To investigate the possibility to model with some reasonableness the risk of stocks in 
financial markets and to what extent this can be achieved using univariate GARCH models 
fiJr purposcs ofportfolio construction. 
The aims 0 f this thesis arc: 
• To detern1ine whether prior to estimation, the residuals of the data sets exhibit a nornlal 
distribution, any autocorrelation, unit roots. or any conditional heteroscedasticity (chapter 
• 
4.2). 
To investigate the capability of the selected univariate GARCH models, namely the 
symmetric GARCH, T ARCH, EGARCH and PARCH model in forecasting volatility using 
the out-of·sample technique and compare their performance (chapter 4.3). 
• To detern1ine vvhich specific lag (p,q) structure of the selected GARCH models, best 
models the volatility of the stock returns (chapter 4.3). 
• To determine the best error distribution f<'lr modeling the stock returns: normaL student's t-
distribution or the generalized error distribution (GED) (chapter 4.3). 
• To determine whether the residuals of the ditTerent univariate GARCH models exhibit a 
• 
• 
normal distribution, any autocorrelation or any conditional heteroscedasticity after 
estimation (chapter 4.4). 
To make a final decision on which model performs best on out-of-sample measures. 
To investigate the importance of GARCH modelling in Portfolio Construction with a look 
at the Classical Markowitz Mean-Variance ModeL the Single Index Model and the 
Improved Single Index Model (Hossain, Troskie and Guo (2005)). 
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1.3 Overview of Thesis 
Chapter 1- Introduction 
3 
This chapter introduces the thesis topic and outlines the background of the study and why the 
researcher has shown interest in the subject area. It goes on to state the main objective of the study. 
Following this a list of more specific aims of the thesis arc stated giving a clearer vie\v of what the 
researcher intends to achieve. A diagrammatic overview of the thesis is then given. 
Chapter 2- Literature Review - Background to Study 
The chapter is a reviewal' available literature on the subject area the researcher intends to 
carry out a research on. This chapter starts of by introducing the fundamentals offinancial markets 
from the perspective of the Efficient Market Hypothesis (EMH). The different forms of market 
etTiciency are discussed in detail by the researcher. The researcher then discusses the empirical 
distribution of financial markets; high volatility, the presence of volatility clustering, fat tails and 
leverage effect amongst others. Furthermore the researcher looks into the statistical properties of 
stock returns to be used in the data analysis namely the mean, standard deviation, skewness, and 
kurtosis before an in-depth look into the stochastic processes responsible for the behaviour 0 f 
stock returns. This chapter is concluded by a look at the different methods in use for estimating 
volatility of stock returns; namely the EWMA model. ARCH model and GARCH family models. 
Chapter 3 - Methodology 
This chapter introduces the method of modelling to be used by the researcher in this case 
econometric modelling. The type of financial data to be used is discussed; continuous in nature by 
taking natural logarithms and the source is the Johannesburg Stock Exchange (JSE). Furthermore. 
the researcher discusses the hypothesis tests to be conducted on the stock returns: Arch test to 
investigate heteroscedasticity; Ljung-Box-Picrcc Q-test - for the autocorrelation test; Unit Root 
test to investigate whether the data is stationary and Jarque-Bera test to investigate normality. In 
addition to this the researcher discusses the packages that are used to model and estimate 
volatility; E-vie\vs and MATLAB. The researcher also discusses how one will determine the best 
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4 
pcrforn1ing model and that is by assessing the Root l'vkan Square Error, Mean Absolute Error. 
Mean Absolute Percentage Error (MAPE) and Theil Inequality Coefticient (TIC). 
Chapter 4 - Market Data Analysis & Results 
This chapter basically presents the results of the different tests discussed in chapter 3. The 
moments of the return series, that is mean. standard deviation, skewness and kurtosis are 
presented. Plots of series data. namely price plot, squared returns plot and autocorrelation of 
returns and squared returns plots. Results of the Arch test. Ljung-Box test. Jarque-Bera test and 
Unit Root test prior to estimation are presented. Furthermore, results of the estimation procedure 
for GARCH, EGARCH, PARCH and T ARCH as well as estimates \vhen alternative distributions 
sLlch as the student's t-distribution and generalized error distribution (GED) are presented and 
compared. Following this, parameter estimates for the selected GARCH model specification are 
then presented. The researcher then has a validation section where tests arc performed to judge 
'vyhcther ARCH effects and autocorrelation haye been remoyed or not. Tests are also performed to 
see if the given assumptions about the model arc fulfilled. i.e. are the standardized residuals -
normally distributed. 
Chapter 5 - GARCH Modelling & Portfolio Construction 
This chapter shows us the importance of GARCH modelling of volatility of stock returns in 
Portfolio Construction. The researcher makes use of Sharpe's Single Index Models together the 
covariance matrix envisaged by Hossain, Troskie & Guo (2005b), which results in the Improved 
Sharpe Single Index Models. Previous work by Hossain, Troskie & Guo (2005b) has shown that 
the covariance matrix they put forward produces superior results to the one suggested by Sharpe 
(1970). The researcher plots efficient frontiers for l'vIodcl 1: Improved Sharpe Single Index Model 
(\\ith yolatility modelled with AR tern1S only) and i'vIudcl2: Improved Sharpe Single Index Mudel 
(with vo latility modelled with AR terms and a G ARCH (l, 1 ) process) and compares them to the 
Classical MarkO\vitz Mean-Variance Efficient Frontier. The researcher analyses the similarities 
and differences \vith the Markowitz model drawing conclusions about the usefitlness of GARCH 
modell ing in portto!io construction. 
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Chapter 6 - Conclusion 
5 
This chapter drmvs conclusions based on the different GARCH models and hmv well each of 
them models volatility of stock returns. Also the chapter offers a commentary on any visible 
parameter instability and states the final model chosen by the researcher. Further to this the 
researcher then abo points towards possible further study on the subject area. The researcher also 
draws conclusions on the usefulness ofGARCH modelling in Portfolio Construction. 
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Figu re 1.3.1 Overview of the Thesi5i 
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Chapter 2. Background to GARCH Modelling 
7 
The modelling of volatility has been the subject of vast empirical and theoretical investigation 
in recent times by academics and practitioners. There are several motivations for this interest but 
arguably. volatility is one of the most important concepts in finance. Volatility as measured by the 
standard dc\iation is used, as a crude measure of the total risk of financial assets; Value-at-risk 
(VAR) models for measuring market risk require tl1recasts of volatility and the Black Scholes 
model a benchmark in financial markets, requires the input of volatility of stock market prices fllf 
option pricing. Volatility is generally unobservable and hence must be estimated. The modelling of 
\olatility has become increasingly important in the ever volatile global asset markets hence the 
need for good modelling techniques. Since risk is inherently related to volatility, expected future 
volatility is a major factor in portfolio construction. Good models of volatility can be used to 
investigate any relation between current prices and expected risk. Since it is impossible to forecast 
volatility with any certainty, modelled conditional variances are used instead, for example, in 
portfolio construction, derivative pricing and hedging. risk management, market timing, and 
market making. 
Given that the data to be used in modclling volatility is financial stock data one needs to 
understand hovv' financial markets function hence in the next section the researcher gives a brief 
account of previous investigations into the behaviour of stock markets. 
2.1 Introduction to Financial Stock Markets and Market 
Efficiency 
Brealy anel Myers (1981) attributed the concept of efficient markets to a chance discovery by 
Kendall. who in 1953 met with the Royal Statistical Society to discuss one of his papers concerning 
the behaviour of stock and commodity prices. Specifically. Brealy and Myers (1981) stated 
that. '"Kendall's plllpOse had neen to separote alit regular price cycles. but to his .I'll/prise he could 
not find un.v such cycles. Each series appeared to be (I l,mndering Ol1e, {lImost (IS ~r once (I \veek the 
Dc'nlon a/Chance drew (J random nllnlher ... and added it to the current price to de/ermine the next 
l\'c'ek '.I' price . .. Kendall \vas in fact making the suggestion that price changes are independent. It 
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8 
should also be noted that Louis Bachellier (Cootner 1964) in a doctoral thesis in 193-+ also detected 
the random behaviour of commodity prices. 
III recent times numerous researchers have applied various statistical efficiency tests resulting 
in increased support of the random walk concept, notably Fama (1965). As evidence supporting the 
random walk concept accumulated, the focus of attention shifted to the kind of market process 
producing such results. leading to the theory of efficient markets in \\hich prices adjust rapidly to 
new information. 
Roberts (1967) defined three forms of market efficiency: weak form, semi-weak form and 
strong torm efficiency. 
• \Yeak form - in this case current prices fully reflect the information contained in the record 
of past prices. In other words it is impossible to form a trading strategy that perfurms better 
than average, using the information of historical prices. 
• Semi-strong form - in this forn1 of market efficiency. current prices fully reOeet published 
information. Therefore attempts to acquire and analyse public information \vill not yield 
superior results. 
• Strong form - in this form prices reflect not just public information but also all privileged 
information that can be acquired by fundamental analysts of the company and economy. 
Having discussed previous literature on how financial stock markets function, the researcher 
goes on to define volatility and how crucial it is in today's globalised financial markets in the 
section belovv. 
2.2 Volatility 
r'o!({[iliZI' a/({Il ([sse[ is ({ measure ofhoH" lIncertaill 1\'e arc ([bolllji{[lIrc asseT price flWn'IllCllts 
(Hull 2006). Also, one can define volatility as a statistical measure of the dispersion of returns for a 
gi\'en security or market index. In other words, volatility refers to the amount of uncertainty or 
risk about the size of changes in a security's value. Volatility can either be measured by using the 
standard deviation or variance between returns from that same security or market index. Generally 
the rule 0 f thumb is that, the higher the volatility, the riskier the security. A higher vo latility means 
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that a security's value can potentially be spread out owr a larger range of values. This means that 
the price 0 f the security can change dramatically over a shOJ1 time period in either direction. A 
lower volatility means that a security's value does not fluctuate dramatically, but changes in value 
at a steady pace over a period of time. 
A common assumption IS that the volatility of a stock for ex.ample is caused by new 
information reaching the market in turn resulting in imestors changing their opinion about the 
yalue of the stock. However, research conducted does not support this view and the conclusion 
reached by researchers is that vo latility is a consequence of trading itself (Roll 1984). 
To be able to understand financial stock data one has to fIrst investigate the empirical 
distribution of stock returns and hence this is investigated in Sl.'ctioll ':.3. 
2.3 Stylized Facts of Stock Returns 
The empirical distribution of financial assets returns exhibit some well-known characteristics 
and regularities, generally refelTed to as stylized facts. A set of properties, common across many 
instruments, markets and time periods, has been obseryed by independent studies and classified as 
stylized facts. These ha ye been unearthed as a consequence 0 f statistical analysis of p rice variations 
in \'arious tyVes 0 f financialmarkcts. The stylized empirical Ltcts include among others: 
2.3.1 Volatility Clustering 
In stock markets, periods 0 f high risk seem to be followed by periods of high risk and flJr low 
risk periods it is the other \vay around (Hull 2006). This phenomenon is often referred to as 
volatility clustering. Volatility clustering implies a strong autocorrelation in squared returns. As 
noted by Mandelbrot (1963). --large changes tend to be tl..)lIowed by large changes, of either sign, 
and small changes tend to be follo\\ed by small changes.-- A quantitative manifestation of this fact 
is that, while returns themselves are uncorrelatecl, absolute returns II~I or their squares display a 
positive, signifIcant and slowly decaying autocorrelation function: cOITclrJIt;,cl) > 0 for T ranging 
Un
ive
rsi
ty 
of 
Ca
pe
 To
wn
Modelling of Volatility of Stock Prices Using Garch Models & its importance in Portfolio 
Construction 
10 
from a fe\\ minutes to a several "'leeks. For example when a shock in a stock market occurs, the 
volatility is high for the subsequent period. Hence, it is observed in the financial literature that the 
intensity of stock price changes can persist for shorter and/Or longer time periods: volatility 
clustering. In other words, when a stock price has changed a lot today, it is likely that it will change 
a lot tomorrow, the day after tomorrow and perhaps even further into the future. Thus returns are 
conditionally heteroscedastic i.e. 
(2.3.1 ) 
The returns l~ are not independent but their variability depends on recent changes of price as 
shown in Eq. 2.3.1. 
2.3.2 Heavy tails 
The financial series often exhibit leptokurtosis, indicating that their empirical distribution has 
jelt tails and excess peakedness at the mean, i.e., kurtosis exceeds that of a Gaussian distribution. 
The non-Gaussian character of the distribution makes it necessary to use other measures of 
dispersion than the standard deviation in order to capture the variability of returns, more precisely 
higher order moments. 
2.3.3 Leverage Effect 
One interesting phenomenon in equity markets is that volatility tends to increase more when 
the return decreases, than it does, when the return increases. Black (1976) observed that volatility 
responds asymmetrically to the sign of the change in the price of the financial asset, i.e., volatility 
increases more after negative changes than after positiye changes of the same magnitude, naming 
this phenomenon as the leveruge effL'C[ (also referred as the Fisher-Black effect). As a company's 
equity reduces in value the leverage for the company increases. The reason for this maybe is that 
when the equity price t~l11s the debt remains constant in the short term, so the debt/equity ratio 
increases. Hence, the company becomes more risky. On the other hand, when the company's stock 
price increases. the leverage decreases. The risk of a stock is therefore dependent on the sign of the 
return (Hull 2006). The leverage effect is also a secondary cause of the implied volatility skew in 
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equity markets. Furthennore it implies an asymmetry in volatility clustering in equity markets: if 
volatility is higher follO\ving a negative return than it is fl1llowing a positive return then the 
autocorrelation between yesterday's return and today's squared returns \vill be large and negative 
(Alexander 2001). 
2.3.4 Non-Stationary 
Time series of share prices Xl and other basic financial instruments are not stationary time 
series and possess at least a local trend (Franke 2004). In order to transfonn the data to a stationary 
form. one takes first differences, more often log returns in financial analysis. 
2.3.5 Non-trading Periods 
Infonnation that accumulates when financial markets are closed is reflected in prices after the 
markets open. Fama (1965) and French & Roll (1986) found that information accumulates more 
slowly when the markets are closed than vvhen they are open. Variances are higher following 
\veekends and holidays than on other days, but not nearly as much as would be expected if the news 
alTival rate were constant. Studies by French & Roll (1986) on daily returns across all NYSE and 
Amex stocks fiom 1963-1982 for example showed that volatility is 70 times higher per hour on 
average when the market is open compared to \vhen its closed. 
2.3.6 Forecastable events 
Forecastablc events of important information are associated \vith high volatility. Patel and Wolfson 
( 198-1-) sho\\ that ind ividual firm' s stock returns YO lat il it: is high around earning' s announcements. 
Furthermore, Baillie and Bo llerslev (1991) have documented that there are predictable changes in 
yolatility across the day. Notably, volatility is typically much higher at the open and close of stock 
trading than during the middle of the day. The vo latility surge at the opening 0 f trade can be 
explained by accumulation of information when the markets are closed and the surge at the close of 
trade is not so easily explained. 
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To summarize the statistical properties 0 f prices and returns, firstly visual inspection is done 
after graphing the price series and the returns series (log returns). Secondly, the relevant descriptive 
statistics for returns are computed (including the Jarque-Bera test which is a normality test. 
Following this, \ve carry out unit root tests: that is the augmented Dickey-Fuller (ADF) to conclude 
if the series arc stationary. Furthermore, we discuss the autocorrelation of thc returns and we test 
the presence of conditional heteroscedastieity. 
In Section :l. 4.1 below we give the moments that \vill be used to describe the data in this thesis. 
The variable .'( is a discrete valued random variable. 
2.4.1 Moments 
The first way to describe a probability distribution function is by some measure of central 
value or location and the key measures of central location is the mean although the median and 
mode can be used as alternatives. The mean is the first moment and is defined as 
~l = E(X) = L:>,P(X ='\,) (2.4.1 ) 
Another measure that can help us to describe a probability distribution function is the 
dispersion. The most commonly used measure of dispersion is variance. The variance is the central 
second moment and is given by 
Vor(X) = ~(.\, - E(.nf P(X = x,) (2.4.2) 
A probability distribution may be symmetric or asymmetric around its mean. A popular 
measure for the asymmetry of a distribution is called its ske"mess. A negative skewness measure 
indicates that the distribution is skewed to the left and vice versa. Skewness is a rescaled third 
central moment and is defined as 
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(2.4.3) 
A variable with positive skewness is more likely to have its values far above the mean value 
than far below. Notably, for a normal distribution the skewness is zero. 
Further information about a probability distribution function is provickd by measuring the 
concentration of potential outcomes in its tails. The tails of a probability distribution function 
contain the extreme values. In financial applications, it is these tails that provide infi.)rmation about 
the potential for a financial ruin. The joint measure of peakedness and tail features is called 
kurtosis. Kurtosis is a rescaled fourth central moment and is 
£((X - ~l).j) 
-------
(Var(X))2 (2.4.4) 
It is \yell documented that the kurtosis of a normal distribution is 3. Hence notably, a 
distribution with a kmiosis greater than 3 has more probability mass in the tails and is described as 
leptokurtic. 
2.4.2 Association Measures 
The autocorrelation and partial autocorrelation functions for the squared process have been 
sho\yn to be useful in identifying and checking time series behaviour in the conditional variance 
equation of the GARCH form. Granger and Anderson (1978) advocated for the use of the squared 
process to check for model adequacy as they unearthed the filct that some of the series modeled in 
Box and Jenkins (1976) exhibit auto-correlated squared residuals even though the residuals 
themsehes do not appear to be auto-correlated. Below \VC define the autocorrelation function 
(ACF) and the partial autocorrelation function (PACF): 
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The autocorrelation function (ACF) measures the linear dependence bet\veen past and current 
returns (Hamilton 1994). Its formulation is shown in Eq. 1.4.5 below: 
(2.4.5) 
Partial Autocorrelation Function (PACF) 
Ho\veveL it can be observed that in some instances. the correlation bet\veen two elements of a 
time series with a lag h time steps is non-zero. This therefore implies that a return which has 
occurred one year ago still influences the return of today. but the influence decreases geometrically 
with the time 1m>:. In this instance we use another method to measure the connection between X 
~ , 
and X{t which involvcs filtering out of X, and )(, the linear influence of the random variables 
that lie in between, X{ ,I' ...• X{ [1 1 , and then calculating the con"elation of the transformed random 
\ariables (Franke 2004). This is called the partial autocorrelation. Hence the use of the partial 
autocorrelation function (PACF) v:hich measures the influence of past observations on the current 
\alue of the time series (Rachev 2005). The partial autoconTlation of the h-rlz order is given by: 
(2.4.6) 
\vhere P TVI L is the best linear projection of W onZ (Franke 2004). 
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The theory of stochastic processes in discrete time is an important tool when examining the 
fundamental characteristics of financial data. Stochastic processes describe the evolution of a 
random variable (in this instance the return of the stock) through time. In other words stochastic 
processes describe the re lat ionship between the probabi I it) d istribut ion of yesterday" s return: 
toda;'s rcturn and tomon-o\\'s return (Rachev 2005). Below we discuss various stochastic 
processes in discrete time starting with a white noise process: 
2.5.1 White Noise 
The building block of all time series models is the white noise process given by a sequence 
: [;}' of independently and identically distributed (i.i.d) random variables which are usually 
[ . ---, 
assumed to have mean zero and variance (J" (Hamilton 1994). 
E(£I) = 0 
£(£12) = (J2 
(2.5.1) 
(2.5.2) 
A popular candidate tllr the white noise distribution is the standard normal distribution. A plot 
of a white noise process should exhibit no trends or clusters in the realizations which can be 
explained by the fact that the observations are independent from each other. (Rachev 2005) 
2.5.2 Autoreg ressive Processes 
An autoregressi\'e model is one where the current ndue of a variable,:r depends upon only the 
\alues that the variable took in previous periods plus an error teml (Brooks 2002). An 
autoregressive process of order one AR (1) is defined by the model: 
.\ = C + (Jx1_ 1 + uc, (2.5.3) 
where c and f3 can be any real constants and £, is a white noise process. 
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The name autoregressive comes from the t~lct that the value of XI is obtained as an affine 
function (i.e. a linear function with an intercept) of X'_I plus an error term. An autoregressive 
process of higher order AR (17) is defined as: 
II 
x/ = C + I/3I'\-1 + 0"6'/ (2.5.4) 
1=1 
It has been observed that the path of an AR process ditkrs substantially from that of a white 
noise process. Highly positive returns are followed by positive returns and vice versa, hence one 
can recognize trends and the reason for this is that the realization 0 f current return depends on 
strongly on the previous one. Hence, the AR (11) process is useful in order to incorporate possible 
dependencies of the current return on several previous returns. 
To measure the intluence of past returns on current return we use the Autocorrelation function 
(ACF) or the Partial Autocorrelation function (PACF). HO\vever, it can be observed that in the 
general case of an AR (17) process, we obtain non-zero partial autocorrelation for the first n lags and 
zero partial autocorrelation otherwise. In contrast to the ACF, the PACF jumps immediately to zero 
when the lag exceeds the order of the autoregressive process. 
It should be noted in some cases one would like to model financial data in which the ACF 
behaves in this way; that is, for the first 1, 2, or m lags one observes autocorrelation and then the 
autocorrelation jumps immediately to zero. This concept can be realized by use of a Moving-
Average (~IA) process. 
2.5.3 Moving Average Processes 
The name 'moving average' comes from the fact that the next return is given by a vvcighted 
average oftuday's and the q previous observations of the white noise process (Brooks 2002). The 
dynamics of a moving average process of order m, (J\ilA (q) process) is given by: 
X =(1+2.:0£)£ =00 { I I { 
1--'\ 
(2.5.5) 
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2.5.4 Choice of AR or ARMA Model 
17 
To decide which AR or ARMA model to consider in modelling a particular return series one 
should use the autocorrelation function (ACF) and partial autocorrelation function (PACF) plots to 
determine hmv best to model the return series. Tah/e 2.5.1 belmv provides a general guideline on 
ho\\' one can decide \vhich model to use based on the autocorrelation function (ACF) plot. 
Table 2.5.1 Choice of AR or ARMA model 
Shape of ACF Indicated :\Iodel 
Exponential, decaying to zero Autoregressive model - Use the partial autocorrelation plot to identify the 
order of the autoregressive model. 
Alternating positive and Autoregressive model - Usc the partial autocorrelation plot to help identify 
negative. decaying to zero the order. 
One or more spikes. Moving average model - order identified by \vhere plot becomes zero. 
rest arc essentially zero 
Decay. starting after a few lags Mixed autoregressive and moving average model. 
All zero or close to zero The data used is random. 
No decay to zero The series is not stationary 
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It is necessary in most instances, when modelling financial return data to incorporate time-
varying conditional volatility and correlations. This arises because of the recognition that 
volatilities and correlations are not constant. During some periods, a particular volatility or 
correlation may be relatively low, whereas during other periods it may be relatively high. Hence 
the use of the exponentially \veighted moving avcrage (E\VMA) model, autoregrcssive conditional 
heteroscedasticity (ARCH) model and generalised autoregressive conditional heteroscedasticity 
(GARCH) models. 
2.6.1 Exponentially Weighted Moving Average (EWMA) model 
The exponentially weighted moving average (EWMA) model hinges on the idea that more 
weight should be given to more recent data, specifically a more recent volatility observation, er
il
, 
with weights a
l 
decreasing exponentially as we move back through time. To be more 
precise a
l
_ 1 = Aal , where ) is a constant between 0 and 1 (Hull 2006). Manipulating the simple 
model given in Eq. 2.6.1 will lead to the fundamental updating equation for the EWMA method 
shown in Eq. 2.6.2 .. 
where, 
III 
eric = Lalli," I 
I I 
111 
a , is the amount of weight given to the observation i days ago and ~ a = I . 
I ...... '-' ."....... L I 
(2.6.1 ) 
(2.6.2) 
IIi' is defined as the continuously compounded return during day t (between thc end 0 f clay 
t - I and the encl 0 f day i ), that is: 
and, 
1 III 
, ~' 
(7,- = - L ll'-_I 
nz 1=1 
(2.6.3) 
(2.6.4) 
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The first tel111 in the equation AU'~I determines the persistence in the vo latiIity: irrespective of 
\vhat happens in the market, if volatility was high yesterday it will still be high today and the 
second term (1- A)ll,C_
1 
determines the intensity of the reaction of volatility of market events: the 
smaller /. is, the more the volatility reacts to the market"s information in yesterday·s return 
(Alexander 200 I). The EWMA approach has the attractive feature that only two values have to be 
stored for each volatility estimate, namely the current estimate of the variance rate and the most 
recent observation. It also adapts to market changes because of the functional form of the equation. 
Large changes in 11'_1 will directly affect the volatility estimate. 
HO\vever, the EWMA method is only an estimation method and additional assumptions have 
to be made to tum it into a forecasting model. One has to use statistical methods to estimate ;. in 
order to minimize the root mean forecasting error, unlike in GARCH models for example where 
maximum likelihood estimation is an optimal method that ahvays gives constant estimators. So 
consequently one can conclude that statistical methods arc not necessarily the best method to 
estimate ), and hence the EWMA model is not the best for modeling and forecasting stock price 
va latility. 
2.6.2 Autoregressive Conditional Heteroscedastic (ARCH) model 
The ARCH model was ftrst introduced by Engle in 1982. An ARCH model is a discrete time 
stochastic process {lo,} of the form: 
(2.6.5) 
where. the::.{ 's are i.i.e! ovcr time, E(::.,) = 0, var(::.,) = I. and p, is positive and time-varying. 
Usually p, is further modeled tu be an autoregressive process. In other words returns are 
assumed to be generated by a stochastic process with time-varying volatility. The basic idea of 
ARCH models is that (i) the asset return ::., is serially uncorrelated, but dependent and (ii) the 
dependence of ::., can be described by a simple quadratic function (Pena, Tiao & Tsay 2001). 
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According to Engle (1982). an autoregressive conditional hcteroscedasticity model considers 
the variance of the current error tenn to be a function of the variances of the previous time period's 
error terms. The ARCH process introduced by Engle (1982) explicitly recognizes the difference 
between the unconditional and conditional variance allowing the later to change over time as a 
function of past errors leaving the unconditional variance constant. ARCH relates the error 
variance to the square of a previous period's error. This model is employed commonly in modeling 
financial time series that exhibit time-varying volatility clustering. 
As the name suggests, the model has the following properties: 
• Auto-regression - the use of previous estimates of volatility to calculate subsequent or future 
values and hence volatility values are closely related to each other. 
• Heteroscedasticity - probability distributions of the volatility vary with the current valuc. 
In order to clearly introduce ARCH processes, let us assume that we have a time series of 
asset price quotes P
r 
fiJr each time step t. We calculate the fractional change in the price of the 
asset bet\veen time step t and t + I usmg 
(2.6.6) 
Furthermore. we are required to determine the long-running historical volatility (e.g. over 
several years) denoted by VL . We have seen that the volatility rates fluctuate about this mean long-
running mean volatility, therefore, it seems reasonable to incorporate this quantity in the ARCH 
model. 
Fom1ally. an ARCH (q) process may be expressed mathematically as 
III 
u r' = ,vVL + ~ O'J:r', (2.6.7) 
1=1 
where, u
r 
is the vo latility at the (" time step, y and a
i 
are weighting factors that satisfy 
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v+'a=l I L.., I 
1=1 
Here nz denotes the number of 0 bservations of c/ I used to detem1ine 0"/ • 
21 
(2.6.8) 
The most common ARCH (q)process used to model asset price volatility dynamics is the 
ARCH ( I) model where, 
(2.6.9) 
or, 
(2.6.10) 
using the above relation. 
Several models usmg the ARCH process fom1Ulation have been successful in modelling 
different economic phenomena as documented in Coulson and Robins (1985) and Domowitz and 
Hakkio (1985), just to mention a few. However, common to most 0 l' these models, is the 
introduction of a rather arbitrary linear declining lag stmcture in the conditional variance equation 
to take account of the long memory tc)Und in empirical work. since the estimation of a free lag 
distribution will in more cases lead to violation of the non-negativity constraints (Engle 1995). 
Hence, this resulted in the development of GARCH models to allow for a more flexible lag 
structure. 
Notably as the lag increases in an ARCH modeL it becomes more difficult to estimate 
parameters because the likelihood function becomes very flat. Also, ARCH models often over-
predict the volatility, because they respond slowly to isolated large shocks to the return series 
(Pena, Tiao & Tsay 2001). Adding to this the inadequate dynamics in an ARCH model with only a 
fe\v lags, the use of standard ARCH models for financial volatility estimation is not recommended. 
U
ive
rsi
ty 
of 
Ca
pe
 To
wn
f'vlodelling of Volatility of Stock Prices Using Garch f'vlcdels & its importance in Portfolio 
Construction 
22 
2.6.3 Generalized Autoreg ressive 
(GARCH) Model Family 
Cond itiona I Heteroscedastic 
In light of the need to allow for both a longer memory and a more flexible lag structure 
Bollerslev (1986) later proposed a more generalized flJfm of the ARCH (q) model appropriately 
termed the GARCH (p,q) model. In the ARCH (q)process the conditional variance is specified as 
a linear fimction of past sample variances only, \vhereas GARCH (p,q) process allows lagged 
conditional variances to be included as well. This in many \vays can be said to correspond to some 
sort of adaptive learning mechanism. The GARCH (p,q) model may be written as 
/1 if 
(J,2 = yV/ + La,1..·,2! + LfJ;u: ; (2.6.11) 
,~I 1"1 
p and q denote the number of past observations of IIi-' and UII , respectively, used to 
estimate (JI . The GARCH (p, q) process has the fo llo\ving properties: 
E(ILJ = 0 alld E(llll~,) = 0 (2.6.12) 
/' If 
alld Var(llil =', I) = U,2 = ,1'1'1 + La,II,"., + LfJ,u,2_1 (2.6.13) 
/=---1 /=1 
Thus the GARCH (p,q) process possesses the desired properties stated below: 
• Constant unconditional mean and variance . 
• Constant conditional mean but time-varying conditional variance . 
It should be noted that The GARCH (p,q) model reduces to the ARCH (q) process 
when p = O. At least one of the ARCH parameters must be non-zero (q > 0). Variations of the 
GARCH model family are discussed below: 
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GARCH (1,1) model 
In the case where p = q = I the model becomes 
letting /1'/ = {<J then, 
\vhere 
OJ > 0 ,IX :::::: 0, p > 0 and IX + P < I suffices for wide-sense stationarity. 
23 
(2.6.14) 
(2.6.15) 
For the GARCH process to exist. (I) > 0, a 2' 0 and 0 2' 0 are suffic ient conditions for the 
conditional variance to be positive. The ARCH coefficient, IX measures intensity of reaction of 
volatility to market movements, and the GARCH effect, /f measures the contribution to long run 
persistence, namely a + p. Several statistical properties have been established for the GARCH 
(p,q) process in order to dcfme the moments of the unconditional shock. Ling and McAleer (2002) 
establish all the moment conditions for the general class of models, GARCH (p,q), and relate the 
moment conditions to the statistical properties of the models. The implications of the non-
existence of moment conditions, such as the possible inconsistency of parameter estimates and 
imalid inference, are frequently ignored in the empirical literature on modelling volatility Llsing 
GARCH processes. 
The necessary and sufficient condition for the conditional variance to exist for the GARCH 
( 1,1) model. guaranteeing that the GARCH (1,1) process is strictly stationary is given by: 
a+/I<1 (2.6.16) 
The conditional variance (2 nd moment) is sufficient for consistency of the (quasi-) maximum 
likelihood estimator, while the 4th moment is sufficient for asymptotic normality. 
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Threshold ARCH (TARCH) model 
24 
This model due independently to Zakoian (1994) and Glosten. Jaganathan and Runkle (1993) 
accounts for the asymmetric effect of "news". The basic idea of the T ARCH models is to divide 
the distribution of the innovations into disjoint intervals and then approximate a piecewise linear 
function for the conditional standard deviation and the conditional variance respectively (Franke 
200 .. n. If there arc only t\VO intervals, the division is normally at zero: that i~ the int1uence of 
positive and negative innovations on the volatility is differentiated. The TARCH (p,q) model is 
given by: 
(2.6.17) 
where. 
r = { 1 if L', < 0 
lOok o otlier\l'ise 
(2.6.18) 
In the T ARCH model, good news; [;,_, > 0 and bad nevvs: [;'_1 < 0, have different effects on 
the conditional variance. When r, "# 0, we conclude that the news impact is asymmetric and that 
there is a presence of leverage effects. When l, = 0 tiJr all k , the T ARCH model is equivalent to 
the symmetric GARCH model. The difference between the T ARCH and the Exponential -
GARCH (EGARCH) models is that in the former the leverage effect is quadratic \vhile in the 
latter, the leverage effect is exponential. 
It should also be noted that GARCH is a special case of the T ARCH model where the 
threshold term is set to zero. To estimate a T ARCH model. one specifics the GARCH model with 
ARCH and GARCH order and then changes the Thresho III order to the desired value. 
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The exponential general autoregressive conditional heteroscedasticity (EGARCH) model by 
Nelson (1991) is another variation of the symmetric GARCH modeL This is a form of an 
asymmetric GARCH modeL One limitation of the symmetric GARCH (1,1) model is that it 
restrict::; the shocks to the model to have the same eftect on the conditional variance whether the 
shocks are negative or positive. This mayor may not be a reasonable assumption but one vvould 
like to be able to test this. The positivity constraints on the parameters can also be viewed as 
restrictive, since it rules out cyclical behavior in the conditional variance. 
A number of researchers have found evidence of asymmetry in stock price behaviour; that is 
negative price shocks seem to increase volatility more than positive shocks (Pagan & Schwert 
1990). The EGARCH can be used to test for the presence of the leverage effect. 
The key advantage of the EGARCH is that since Eq. 2.6.20 describes the log of a} , the 
variance itself a
r
2 
will be positive regardless of whether the coefficients OJ, a, f3 are positive. This 
makes numerical optimization simpler and allows flexibility of dynamic models for the variance 
(Hamilton 199-1-). The idea is to loosen the positivity constraints from the standard GARCH but 
still keep the non-negativity constraint on the vo latility for the conditional variance. Fonnally: 
I' ({ 
10" a 2 = OJ + '\' a a(~ ) + '\' 13 100 a 2 b, I ~ Il~ I I L i ~ I-I (2.6.19) 
r=! 1=1 
where. 
g(.::J = e~, + r I ~i I-E I ~I I is the conditional variance (2.6.20) 
('J.a.jJ.O ([lid ;; are coefficients, and 
is a standard nonnal variable. (2.6.21 ) 
However the model is difficult to use for volatility forecasting because there is no analytical 
form for the volatility tenn structure. 
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When one talks of volatility the appropriate measure is the standard deviation rather than the 
variance as noted by BarndorfT-Nielsen and Shephard (.200.2). Most of the ARCH-type of models 
discussed so far deal \vith the conditional variance in the specification. A GARCH model using the 
standard deviation was introduced independently by Taylor (1986) and Schwert (1989). The 
conditional standard deviation as a measure of volatility is modeled instead of the conditional 
variance. This class of models is generalized by Ding. Granger & Engle (1993) with the Power -
ARCH specification. The PARCH specification is given by. 
. I' . q 
u/" = (V + L fJ / u/"_ / + L a , kh 1- 1/01-/ ". (.2.6 . .2.2) 
j=! 1=1 
\vhere 
6>0.1/1:::::1 j(Jri=L2 ..... tal7c/v =0 j(Jri>t.({I7£/t:::::p I . , I ~ (2.6.23) 
It should be noted that in the PARCH model, 17-0 implies asymmetric effects. The PARCH 
model reduces to the GARCH model when () = .2 and I, = 0 for all i. 
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Chapter 3. Financial Econometric Methodologies 
3.1 Introduction 
27 
This chapter deals with the methodology used in conducting this research as well as the 
various research instmments used by the researcher. Methodology can be defined as an operational 
framework within which the facts arc planned so that their meaning may bc seen more clearly 
(Leedy 1991). This master thesis is concerned primarily with financial econometrics. The focus is 
on the modelling and forecasting of the volatility of stock returns hence we are interested in 
prediction of the first and the second moments, particularly the second moments. 
3.2 System Identification 
System identitication deals with the problem of building mathematical models of dynamical 
systems based on observed data from the systems (Ljung 1987). The constmction of a model from 
data involves three basic entities: 
3.2.1 The Data Set 
As is standard procedure \vhcn modeling stock returns, the continuous approach is also used 
in this master thesis when converting between stock prices and return. Let the stock price be 
denoted S then the expected drift rate in S should be assumed to be ~lS for some constant 
parameter ~l . This implies that in a short period of time. ~r the expected increase in S is flS ~I . I r 
vo latility of stock price is ahvays zero, then this model implies that as t ~ 0 , 
dS 
-=W1r 
S 
and by integrating the differential equation between 0 and T , we obtain 
(3.2.1) 
(3.2.2) 
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To convert bet\veen return and stock prices we \\ill use Eq. 3.2.2 as is illustrated in Hull 
(2006). The data for the 15 JSE stocks is monthly data and the return is calculated by: 
(3.2.3) 
Natural logarithms of the monthly data were used in the analysis as taking natural logarithms 
linearises any type of polynomial and scales both large jumps and small jumps in data removing 
scale differences, hence proportional changes are modelled as compared to modelling actual 
changes. 
Plots of the particular stock data are then presented together with tables containing interesting 
and important statistical facts about the 15 JSE stocks. Several hypothesis tests arc performed to 
sec: \vhether or not correlation exists in the squared return, whether or not the returns are 
stationary (unit root test), whether the returns follow a nom1al distribution (Jarque-bera test) and to 
see if heterosceclasticity exists (ARCH test). The different hypothesis tests are discussed below in 
Section 3.2.4: 
3.2.2 The Set of Models 
A GARCH model consists of two equations: the Conditional Mean equation and the 
Conditional Variance equation. 
Conditional mean equation 
The tirst is the conditional mean equation. This can be anything but smce the focus of 
GARCH model is on the conditional variance equation it is usual to have a very simple conditional 
mean equation. All the second moment modeling the researcher will undertake in this thesis is 
done under the assumption that markets are efficient. The Efficient Market Hypothesis (EMH) 
states that an investor expects a risk free return and additional premium for taking on risk and that 
all information available up until today is already included in the price. Hence, based on the 
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assumption that stock markets are efticient as envisaged by many researchers in the past including 
Fama (1965) and Roberts (1967), many of the GARCH models used in practice take the simplest 
possible conditional mean equation which is given by the formula: 
(3.2.4) 
where 
R
I
• is the return on the particular clay, 
1'1 ' the drift is the average of all past returns, 
G, ' is the mean deviation return, i.e. compensation for unpredictability of stock markets. 
3
1
, denotes the information set at time t . which encompasses XI and all the past realizations 
of the process X[ . It should also be noted that the errors GI are serially uncorrelated but dependent 
and the dependence of G, can be described by a simple quadratic function of the lagged values 
of G" specifically [;, 1,[;1-2 ..... Care should be taken not to use too many parameters in the 
conditional mean equation as this will most likely result in convergence problems; hence the 
simple model above is most appropriate. 
Conditional Variance equation 
The second equation in a GARCH model is the conditional variance equation. To model the 
second moment (conditional variance) one can use any of the GARCH models discussed 
previously in Section 2.5 since the conditional variance equations are specified in different forms. 
3.2.3 Determination of Best Model - Criterion of Fit 
The assessment of model quality is typically based on how the models perform when they 
attempt to reproduce the measured data and this in essence implies the criterion of fit should be 
based on hO\v well the model can forecast the observed volatility of stock returns. Several criteria 
have been proposed for selecting tin1e series models in the literature among them the Akaike 
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int<mnation Criteria of Akaike (1979) and Bayesian Intclrmation Criteria (BIC) of Schwarz 
(1978). In this master thesis we look at these information criteria and also further evaluate the 
performance of out-of-sample volatility forecasts from different GARCH models using the error of 
estimates observed in the estimation to assess performance and fit of the models. The goal of this 
master thesis is to determine the best GARCH model for modelling volatility of stock returns and 
this will be achieved by evaluating the forecasting performance of various GARCH models when 
different error measures and utility functions are used and when the true data generating process 
(DGP) is in tact a GARCH process. We check whether a practitioner can have a good assessment 
of the accuracy of volatility forecasts using the follovving measures: The root mean squared error 
(RMSE). the mean absolute error (MAE), the mean absolute percentage error (MAPE), the Theil 
Inequality Coefficient (TIC) and the log-likelihood. In statistics, the MSE, MAE, MAPE and TIC 
of an estimator are some of the many ways to quantify the amount by \vhich an estimator differs 
from the true value of the quantity being estimated. The model exhibiting relatively lower error in 
estimation compared to the others, best models the volatility of the stock returns. A detailed 
discussion of the different forecast measures is given below: 
Root Mean Squared Error (RMSE) 
The RMSE provides a quadratic loss function and so may be particularly useful in situations 
where large t()recast errors are disproportionately more serious than smaller errors. A RMSE of 
zero means that the estimator e predicts observations of the parameter () with perfect accuracy. 
While particular values 0 f RMSE other than zero are meaningless in and of themselves, they may 
be used for comparative purposes. Two or more statistical models may be compared using their 
R.MSEs as a measure of how well they explain a given set of observations: The unbiased model 
with the smallest RMSE is generally interpreted as best explaining the variability in the 
observations. The RevISE is calculated by 
(3.2.5) 
\vhere, 
i, is the number of steps ahead that we want to predict, in our case i is always equal to 1, 
;.~ , is the forecast volatility, u l" is the "true" volatility &1" and N is the total sample size. 
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Mean Absolute Error (MAE) 
The Mean Absolute Error (MAE) is a quantity used to measure how close forecasts or 
predictions are to the eventual outcomes. The MAE is calculated by 
1 ,\'~I I 2 , I 
MAE = -. -I 0', -0',-
I + I I~,\' 
(3.2.6) 
Mean Absolute Percentage Error (MAPE) 
31 
Mean absolute percentage error (MAPE) is measure of accuracy in a fitted time series value 
in statistics, specifically trending. The MAPE is calculated by 
fvDiPE = _. I_"f 0'; _,GI2 
1+1 1 ,\ cr; 
(3.2.7) 
Theil Inequality Coefficient (TIC) 
A Theil Inequality Coefficient (TIC) of I implies that the model under consideration and the 
bcnchmark model are equally inaccurate, while a value of less than I implies that the model is 
superior to the benchmark. It is a scale invariant measure that lies betvveen 0 and 1 where 0 
indicates perfect fit. The TIC is calculated by: 
(3.2.8) 
3.2.4 Model Validation 
After, considering the discussed criterion of fit in Section 3.2.3 above, one can make a choice 
on a particular model, which is the one that best describes the data according to the chosen 
criterion. The task now will be to test if the model is good enough and this is known as model 
validation. We assess the model performance by conducting out-of-sample forecasts and 
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comparing to the actual observation in the volatility of the given stock o\'er the given period. In 
assessing our model, several possible reasons can be sited for model deficiency and these include 
that maybe: 
• The data set was not informative enough to provide guidance in model selection. 
• The numerical procedure t~liled to find the best model according to the given criterion. 
• The criterion was not determined properly. 
• The model set was not adequate as it did not describe the system sufficiently. 
In this section we conduct roughly the same hypothesis tests conducted in the pre-estimation 
stage to see if the autocorrelation in the squared residuals and heteroscedasticity has been removed 
from the data series as well as normality tests to validate: the model. More accurately the ARCH 
test, autocorrelation test and test for normality to detennine if the assumptions fl1r the model are 
fulfilled, and this is discussed below: 
Hypothesis tests and p -values 
This section presents the hypothesis tests that will be used in conducting model validation. 
Statisticians in most cases want to affirm the validity of assumptions about a specific unknown 
parameter. This is referred to as hypotheses testing. For a specific sample, the p-va!lIc is the 
maximal level of significance for which a rejection of the null hypothesis is not possible. 
All tests have a corresponding p-va!uc. This p-value, under the assumption of the null 
hypothesis, is the probability of observing the given sample result. At the significance level of 
95%, \vhich in our notation corresponds with a critical value of a = 0.05, then we reject the null 
hypothesis if the p-value is lower than this critical value. A p-va!llc greater than 0.05, is 
insufficient e\'idence for rejecting the null hypothesis. A mle for rejecting the null hypothesis 
which is equivalent to the previously described decision function is given by the following 
decision function: 
Below is a discussion of the different hypothesis tests to be conducted for model validation: 
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Test for Autocorrelation - (Ljung - Box Pierce Q - Test) 
33 
There are a large number of tests of randomness (e.g., the runs tests). Autocorrelation plots 
are one common method test for randomness. The Ljung-Box (1978) test is based on the 
autocorrelation plot. However, instead of testing randomness at each distinct lag, it tests the 
overall randomness based on a number of lags. For this reason, it is often referred to as a 
Portmanteau test. 
More formally, the Ljung-Box Pierce Q - test can be defined as follo\vs. 
Test Statistic: 
The data is random (no autocorrelation). 
The data is not random (there is autocorrelation). 
where T is the sample size, T, is the sampIc autocorrelation coetTicient and 
m is the maximum lag length. 
Significance Level: a =0.05 
Critical Region: The hypothesis of randomness is rejected if 
where X" is the percent point function of the Chi-square distribution. 
If QIR is large then the probability that the process has uncorrelated data, decreases. The null 
hypothesis il)r the test is that there exists no correlation and under that hypothesis, QLE is XC \vith 
k degrees of freedom. 
Un
iv
rsi
ty 
of 
Ca
pe
 To
wn
Modelling of Volatility of Stock Prices Using Garch Models & its importance in Portfolio 
Construction 
Test for Presence of Heteroscedasticity (Arch tests) 
34 
Engle (1982) derived a test based on the Lagrange Multiplier principle. The Lagrange 
multiplier (LM) test can be used to formally test the presence of conditional heteroscedasticity and 
the evidence of ARCH effects. The test is based on OLS regression, where the OLS residuals 1/, 
from the regression are saved. u;, is thereafter regressed on a constant and its own m - lagged 
values: 
This is done tor all samples t = 1 ... T This regression has a corresponding R 2 - value. TR 2 , is 
then asymptotically XC -distributed with m degrees of freedom under the null hypothesis that 1/, IS 
Test for Stationarity (Unit Root Test) 
The Augmented Dickey - Fuller (ADF) unit root test is used to detennine if the time series 
data is stationary or non-stationary. The test determines if there are any unit roots present in the 
data. The presence ofunit roots is an indication of the non-stationarity of the time series data. The 
Augmented Dickey -Fuller test can be conducted without intercept and trend; with intercept or 
vvith intercept and trend which is the strictest of the tests. Hence, the ADF test with intercept and 
trend is represented by the fOffimla: 
M, = (a -l)X'_1 + G, 
If Xi is a random w·alk, then the coefficient of X, I is equal to zero. 
The Hypothesis to be tested is as follows: 
Ho : 0" = 0 - Series is Non - Stationary (Has Unit Roots) 
HI : 0" =I: 0 - Series is Stationary (No Unit Roots) 
The test is done at a 5% Critical Level 
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Test for Normality (Jarque - Bera Test) 
35 
The Central Limit Theorem states that a sum of many independent observations behaves like 
a normal random variable. This result is often applied to stock market returns for example, that is a 
return or change in the stock price is the result of many small influences and shocks and thus the 
return can be treated as a nonnal random variable. With this in mind there is only one condition 
which must be fulfilled for the theorem to apply: The individual random variables must possess 
finite variances (Rachev 2005). Hence to answer the question whether the data is generated by a 
normal distribution, the Jarque - Bera test of normality was developed. 
The test statistic is given by the expression belov.:: 
v,'here 
n:2 n -, :2 JB=-y +-(K-..l) 
6 24 
'( = ~ I (XI· X)3 ,is the sample skewness 
n I~I (J" 
If'x-x 4 
K = - L./-'--) ,is the sample kurtosis 
17 I~I (J" 
, I II -,. • 
CT- = -. - L (XI - x)- . IS the samp le varIance 
11-1 I I 
The intuitive feeling about this test is that the larger the Jarque-Bera value is, the lower the 
probability is that the given series is dra\vn from a normal distribution. The test statistic of the 
Jarque-Bera test is X2 -distributed with 2 degrees of freedom and the null hypothesis is that the 
series is normally distributed. The null hypothesis is a joint hypothesis of the skewness being zero 
and the excess kurtosis being 3, since samples from a normal distribution have an expected 
skew'ness of 0 and an expected excess kurtosis of 3. As the definition of the Jarque-Bera shows, 
any deviation fwm this increases the Jarque-Bera statistic. To accept the null hypothesis of 
normality say at the 5% level, the p-va/ue given should be greater than 0.05. 
Below is an illustration of the how we have gone about system identification in the form of a 
system identification loop as proposed by Ljung (1987): 
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Fig 3.2.1 System Ident(ficatioll Loop 
Experiment 
Design 
1 
Data 
Choose Model 
Set 
Calculate Mockl 
Choose 
Criterion 0 f Fit 
Prior Kno\vledge 
Validate Model 
r-- I Nol OK: Revise ~ 
1 
OK: Use It! 
36 
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3.3 Toolboxes for Estimation & Data Analysis 
37 
Over the years different soft,vare has been developed to conduct GAReH model estimation. 
The formulations are generally consistent although different software has different features, 
functionality and drawbacks. Brooks, Burke & Persand CWO I) present several different GAReH 
estimating soft\\are packages and compare them. Amongst their findings is the fact that there 
could be large differences between estimated GAReH parameter values fi"om different toolboxes. 
Hence it is of paramount importance to choose an appropriak toolbox to use. The researcher in 
this thesis has decided to use basically two computer software packages: E-views 5 and MATLAB 
7. 
As a consequence of its simple and systematic approach to pre-estimation of the data, the 
researcher will use MA TLAB 7 for this purpose. However, the estimation and forecasting will be 
done in E-vie\vs 5, a statistical computer software package geared for statistical purposes only 
although it has the fault of not being able to estimate MA models for GAReH estimations. It 
should be noted, however that AR models will be sufficient for this master thesis. Several different 
error distributions are available in E-views 5 including the normal, student-t and generalized error 
distribution amongst others. Also, a number of different models are available, both for the 
conditional mean and the conditional variance, as well as a number of tests and forecast 
possibilities. 
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Chapter 4. Market Data Analysis & Results 
4.1 JSE Data Used in The Thesis 
38 
Monthly price values of 15 stocks listed on the Johannesburg Stock Exchange (lSE) are used 
for the empirical tests. The data represents monthly prices from January 1991 to February 2008. 
Estimation fiJr two different periods is conducted, that is for a longer period; January 1991 to 
February 2008 and for a shorter time period; January 1991 to February 2003 to ensure consistency 
and reliability of results obtained. Results for the longer period; January 1991 to February 2008 are 
presented in this chapter whereas results for the sh0l1er period; January 1991 to February 2003 arc 
presented in Appendix C for purposes of comparison. The decision to use monthly price values 
was int1uenced by the fact that portfolio selection and adjustments of portfolios for risk by fimd 
managers is not conducted on a daily basis as this \vould incur absurd transaction costs. Hence, the 
researcher assumes that on average the fund manager significantly adjusts their portfolio based on 
monthly changes in volatility. 
The Cluster sampling technique is used to pick the fifteen JSE stocks. The JSE stocks are 
clustered into their respcctive sectors with reference to the different sectors of the South African 
economy. Fifteen return series from the JSE namely Tongaat Hulett, KWV Beleggings, Nuworld, 
Tiger Brands, Impala Platinum, Barloworld, Omnia, Sable, Liberty Group, Hudaco, SABmiIIer, 
Anglo-American, Rainbow Chicken, FirstRand and SASOL were selected by the researcher to 
illustrate the modelling and estimation of volatility of stock returns using GARCH models. 
4.2 Pre-estimation 
All the 15 data series fiJr the period January 1991 - February 2008 constitute of 206 data 
points. each data point representing the monthly price of the given stock. For purposes of 
estimation and validation of the models, data points Jan 1991-February 2006 are used for 
estimation and data points March 2006-February 2008 are used for validation purposes. 
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4.2.1 Plots for the Return Series 
39 
To summa]';7e the stati,t ical propetl ies nfp]'ices and returns. f,,'tly visual in'pec(inn i~ done 
af\er graphing lh~ prlCc, (kvcl,i and tlK- re lurn, ,cr ies. Gmphical plot, oftlK- pricc "''Tics a, ", .. dl 
a, ollK-r ,pcc,fic rctum SCfle~ plot> ~bo glW a ,i,ual on (he bdlaviour of the ,pecifi~d data OWr 
the cho ".,;n period. Figure 4.2.1 g"e, lhe pric~ plot , . p, and Fig. 4.2.2 gi,e; the r~tum plot> , ; for 
the 15 lSI' stoe",. Th~ fi gul'~' show (he lo ng nm moveme nt of monthly p, and ,; OWl' (h~ pa,r IH 
years . The price ",rie, for a ll (he four ",roes p, show an upward trend. Below in Fig 4. 2.1 are (he 
price ",rics for each of the 15 sloch: 
Pi/( 4.1. I Monthly I'rice Plo/., for the 15 JSE Swck .• 
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llowewl', t" king log rliffel'erICes of the price changes g i,'cs liS The rCl urn scl'ies [01' c"ch o[ lhc 
sloehr, On~ obscrves lhal lh~ rClurn ,enCs r, IS slable around lhe mean. Hekl\\' in Fif!,. 1.2.2 are 
plol' of lhe return ,erie, lilr each of the 15 ,t(}cks, Tongaat IlulClt K\'iV llelcggings. Nuworld. 
Tlg,r llrands, hnp"J:. Pbtinllm, llarl"""t~'kI, Omni", Sabk:, Lit,,;rly Gm[p. HlKlaCO. SAHmillcr, Anglu-
American_ RainhCM Chicken, l'irstRanrl aoo SASOL re<pcCli"dy. 
Fig -1.2.2 Monthly Log-Refilm., for ,f ... 15 JSE Stocks 
• ~Mr~!~,WJ'1 ' 
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Further scrutiny illl(} the plats for the ,<!lI"l'cd returns of e"ch ofthc 15 slocks showl1 in Fig. 
1.2.J bek"v rcYL'lIls lhal lhe data exhibit> "olmilily clu,!ering which could indicate a (iARCII-
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;""\,,,ation p",ce« and funhcr 10 lhis lhe data exhihll' trend, whidl indicale lhe presence "f 
allto<:orre iation, The data exhibits long range dcp<:ncknce as p~SI obs<:r\'~(ions ~ppcar 10 have a 
per>lslenl impact on futurt realiLallOns . GraphIcal pre,entalion of lhe auloCorrclalJon of lht 
"lu"red residual, is In"Senieci in Fig, 4,2.5 belo" providing furlMr support 10 lhe nOlion a, we 
ob,erw lhal there is a high pcr,,,lence in lhe ,econd IlIOIll/:nt for al ~a\l 10 lag>. 
Hg 4.2.3 Sqlluud Hl!lIIrns ",tile [5 JSE SIO<"I,.,· 
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4.2.2 Moments of the Return Series 
Following this. thc rde"~nt dc><.:ripl i"e ,wlislic, i()r lhe rel urns a~ compuled incio.lding the hr'lLLt 
- Rem le, l statisli<:. A thoordi<:a i inlrodLLclion 10 lhe", Ioc~,ure, was gj'en in Sec/ion 3.2,4, Tk,t 
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moments are presented in the TaMc 4.2.1 bell)'.,\'. The descriptiw statistics shown in the table 
below give us a general picture of what the distribution of the rmy return series is like. The 
moments namely, the mean, standard deviation, skevmess and kurtosis enable us to describe the 
probability distribution of the financial return series. 
Table -1.2.1 Descriptive Statistics and Jarque-Bera test statistic 
Hulett 
KWV 
Nuworld 
Tiger Brands 
Impala Platinum 
Barloworld 
Omnia 
Sable 
Liberty 
Hudaco 
SABmiUer 
Anglo-American 
Rainbow Chicken 
FirstRand 
SASOL 
Mean Median 
0.005333 
0.003391 
O.t111679 
O.Ol6S5 
(J.(111103 
O.Ol252R 
0.000000 
0.009215 
0.000000 
0.016324 
0.017681 
0.000000 
0.02060 
0.01261 
Max. Min. 
O.33l)~6K -().31 ~45 
0.592051 -0.3:-;137 
O.23751S -O.26R97 
0.321981 -O.3S705 
O.21i-:20() -0.30169 
0.534934 -0.33647 
O.52(1)()3 
-0.69315 
0.192849 -().39246 
O.2..j..j 197 -0.33647 
0.256361 -().29 I 99 
0.384624 -0.30714 
0.622530 -(). 78412 
O.2S0302 -().434 IS 
0.350052 -0.24467 
Std. Dev. Skewness Kurtosis Jarque-Bera Probability 
O.OOI .. r22 
O.O~5595 -0.113248 5.317()26 4iJ.06924 O.OO()O()() 
0.1271>93 0.241294 S.787984 6t1.048i>4 0.000000 
0.075442 -0.198536 30.69~286 5.484785 0.064416 
0.122354 -0.004446 3.38024 1.229626 O.S40742 
O.OSS095 -Il.312981 3.623911 6.639305 0.036165 
(J.I (J76:) 7 0.453:'\34 7.03:)269 145.6175 0.000000 
0.143468 -O.9U6664 9.17062 351.6000 O.()OO()OO 
0.077683 -o.n 1494 6.12463 103.7531 O.()()O()OO 
OJ)912!' -1).244466 4.683426 26.12031 0.000002 
0.07290 I -0.337-+93 4.981 Ii> 37.23577 0.000000 
O.0947J 0.059879 5.066306 36.41367 O.OOOOO() 
0.155213 -0.61248 I 7.279176 168.4010 O.O()O()()() 
O.0834XS -().S41246 7.016222 147.0655 0.000000 
O.O'lt;305 0.057985 3.506917 2.29S521 0.316871 
The sample moments for most the 15 stocks indicate that the empirical distributions have 
heavy tails and sharp peaks at the center compared to the normal distribution, with the exception of 
Tiger Brands, Impala Platinum and SASOL which according to the largue-Bera test are normally 
distributed. At the 5% level, the p-valllc for the larque - Bera test is 0.05 and anything less than 
this p-mllle indicates a leptokurtic distribution. Notably the kUliosis is considerably larger than 
three for all the stocks, which is the expected kurtosis if the return series was drawn from a normal 
distribution. save that of Tiger Brands, Impala Platinum and SASOL. Financial markets have been 
observed to exhibit this phenomenon and hence, several leptokurtic distributions have therefore 
been proposed as more descriptive models than the normaL a leading example being the student's 
t-distribution. 
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Before any probability distribution model is fitted to data, the underlying assumptions of the 
model have to be verified empirically. Most importantly one has to determine that the data being 
modelled is stationary to ensure that no problems with spurious regression will be experienced. To 
test for whether the data is stationary one has to conduct the unit root test. Furthermore, almost all 
()f the popular models of stock returns require that returns be independent random variables, and 
many also require that they be identically distributed i.e. i.i.d . 
Unit Root test 
Since non- stationarity can be a possible source of nonlinearity in stock returns, we compute 
the Augmented Dickey Fuller (ADF) test to dra\\' conclusions about the stationarity of the returns. 
The unit root test is conducted with both trend and intercept where the null hypothesis is that there 
is a unit root. The results of the ADF test strongly reject the null hypothesis in each of the 15 
stocks. It is conclusively observed that all the return series for all the 15 stocks in Tuble 4.2.2 
below, do not have a unit root either at the 5% level indicating that the data is stationary. 
Table 4.2.2 Unit Root Testfor the 15 JSE Stocks 
Hulett 
KWV 
Nuworld 
Tiger Brands 
Impala Platinum 
Barloworld 
Omnia 
Sable 
Liberty 
Hudaco 
SABmiller 
Anglo-American 
Rainbow Chicken 
FirstRand 
SASOL 
Augmented Dickey Fuller test 
ADF t-statistic Critical t-statistic at 5% level 
• • -3.432115 
-14.10554 -3.432115 
-13.21427 -3.432115 
-14.70943 -3.432115 
-15.56041 -3.432115 
-13.74583 -3.432115 
-13.00320 -3.432115 
-15.62101 -3.432115 
-14.18154 -3.432115 
-11.80965 -3.432115 
-14.17150 -3.432115 
-14.88369 -3.432115 
-14.27378 -3.432115 
-10.70807 -3.432115 
-15.62873 -3.432115 
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residuals of the squared returns further confirm the results observed in the plots in Fig 4.2.4 and 
Fig 4.2.5. The test statistic is calculated for up to 20 lags as reported in TaNes 4.2.3 and 4.2.4. 
Table 4.2.3 Ljullg-Box Q testfor the Return Series o.feach of the 15 JSE Stocks 
Hulett 
KWV 
Nuworld 
Tiger Brands 
Impala Platinum 
Barloworld 
Omnia 
Sable 
Liberty 
Hudaco 
SABmiller 
Anglo-American 
Rainbow CWcken 
FirstRand 
SASOL 
• Q(IO) Critical Value=18.3070 I Q(I5) Critical Value=24.9958 
p-value Stat p-\alue Stat 
5.5948 9.2524 
8.9092 9.3108 
13.6902 0.2970 173733 
0.8003 6.1753 0.6738 12.0690 
0.8001 6.1781 0.7468 11.0886 
0.9314 4.3266 0.9920 5.0135 
0.2485 12.5731'\ 0.6179 12.7974 
0.36 .. F) Il1.9065 0.4777 14.6397 
0.4949 9.3970 0.5641 13.4952 
0.2093 13.2633 0.4275 15.3364 
0.6292 7.9967 0.1'\572 9.3721'\ 
0.6393 7.8925 0.7469 11.0805 
0.8234 5.9018 0.4166 15.4919 
0.1498 14.5393 0.3688 16.2016 
0.5454 8.8608 0.1290 21.2504 
Q(20) Critical 
Value=31.4104 
p-value Stat 
--19.3963 
17.0528 
0.1157 27.7418 
0.8509 13.5848 
0.8081 14.4284 
0.9932 7.7877 
0.8777 12.9'12 
0.6109 17.6434 
0.5737 18.2706 
0.2547 23.7232 
0.8418 13.7339 
0.8347 13.9172 
0.0678 30.1303 
0.3446 21.9244 
0.2486 23.8592 
Table 4.2.4 Ljung-Box Q testfor Squared returns of the 15 JSE Stock.,; 
0.0053 25.0222 0.0319 26.6314 0.1031 
0.1145 15.5120 0.0750 23.4497 0.1575 26.2574 
0.0005 31.3488 0.0020 35.6719 0.0103 37.4475 
0.0442 18.7035 0.0438 25.4878 0.0035 41.2475 
0.0000 75.9418 0.0000 87.8773 0.0000 90.6816 
0.0129 22.4568 0.0306 26.7807 0.1041 28.2267 
0.0000 45.6623 0.0000 47.6564 0.0002 50.293 
0.0022 27.4417 0.0049 32.854 0.019{) 32.2154 
0.0019 27.8979 0.0089 30.9483 0.0293 33.5551 
0.O()56 24.8531 0.0372 260787 0.0242 34.2943 
0.0150 22.0135 0.0405 25.7739 0.0411 32.2083 
0.0000 83.8200 0.0000 86.2672 0.0000 98.8399 
0.0084 23.7300 0.0508 24.938 0.0405 32.2729 
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Even though the empirical residuals of the returns of the stocks seem to be weakly correlated 
and not significantly different from zero over time as shown in Table 4.2.3, the Ljung-Box 
statistics for up to the 20 th lag of the empirical residuals of the squared returns are highly 
significant as shown in Table 4.2.4 suggesting the presence a f strong non-linear dependence. The 
null hypothesis of strict white noise is rejected in all cases, for the squared returns. The conclusion 
must be that monthly return series are not independently distributed but show dependence in the 
squared residuals supporting the notion ofGARCH effects being present in stock return data. 
ARCH Test 
Englc's Lagrange Multiplier (LM) test is conducted to formally test for the presencc of 
conditional heteroscedasticity and the presence of ARCH effects. The null hypothesis flo is that 
no ARCH effect exists. Evidently if p-values are :::; 0.2 'vve reject the hypothesis. The LM test is 
conducted for 10 lags, 15 lags as well as 20 lags. The results in Table 4.2.5 below suggests that all 
the 15 stock returns exhibit ARCH effects as the null hypothesis of no ARCH is rejected for at 
least two particular lags. 
Table 4.2.5 ARCH testfor the Return Series of the 15 JSE Stocks 
Hulett 
KWV 
Nuworld 
Tiger Brands 
Impala Platinum 
Barloworld 
Omnia 
Sable 
Liberty 
Hudaco 
SABmiller 
Anglo-American 
Rainbow Chicken 
FirstRand 
SASOL 
ARCH 1-10 test 
Prob. F(10,IR3) 
0.009507 
0.000003 4.902678 
0.220232 1.324277 
0.00069 3.251592 
0.093427 1.6589.56 
0.000001 .5.3517.51 
0.041469 1. 947.559 
0.000481 3.36U24 
0.018693 2.215562 
0.000936 3.158765 
0.027666 2.0R5149 
0.024392 2.127318 
O.OOUOOO 7.474416 
0.011282 2.38023 
0.000665 3.262911 
ARCH 1-15 test ARCH 1-20 test 
Prob. F(15.173) Prob F(20.163) 
---
0.000259 0.000241 
0.000115 3.197587 0.000134 2.852285 
0.178226 1.348646 0.068634 1.559538 
0.0045R5 2.33.5594 0.035029 1.717837 
0.04470R 1.75.5167 0.016912 1.879974 
0.000001 4.219717 0.000004 3.517913 
0.11R747 1.475782 0.297849 1.157572 
0.00538 2.2967 0.037945 1.699513 
O.m:U79 1.5n+43 ()236242 1.229657 
0.002274 2.504091 0.010276 1. 986957 
0.144619 141515 0.068149 1.561264 
0.116039 14R2762 0.093364 1.483299 
0.000000 4.973332 0.00000 4.682177 
0.059897 1.674473 0.07678 1.532079 
0.001828 2.55.5982 0.003624 2.203367 
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Thc:refore having established: that the data is stationary, presence of autocorrelation in the 
squarc:d returns and the presence 0 f heteroscedasticity through the ARCH test one can go on to 
model the volatility of the data. Such behavior can be captured by incorporating GARCH 
structures in the model, allowing conditional heteroscedasticity by conditioning the volatility of 
the process on past information. 
4.3 Estimation 
This section focuses on estimating model parameters and examining the estimated GARCH 
model. The presence 0 f heteroscedasticity, shown in the previous analysis, indicates that GARCH 
modeling is appropriate. In order to evaluate in-sample and out-of-sample results, the data sample 
is diyided in two parts. One part is used fc)r the in-sample models' estimation: the other part is for 
the models' performance out-of-sample evaluation. As stated earlier we consider data points Jan. 
1991 - Feb. 2006 to estimate the models for the 15 stocks. For the out -0 f-samp Ie analysis we use 
the remaining observations from March 2006 - February 2008. 
4.3.1 Determining the Best GARCH model from symmetric GARCH, 
TARCH, EGARCH and PARCH. 
To cktem1ine the best model we compare all tour models, namely thc symmetric GARCH, 
T ARCH, EGARCH and PARCH with the ARMA p and q orders being equal, that is p = 1 
and q = 1 , using the same error distribution i.e. the normal distribution. To compare unconditional 
and condit io nal in- samp Ie fitted models, we emp 10 y three likelihood based goodness-o f- fit criteria. 
The first is the maximum log-likelihood yalue obtained from ML estimation. This yalue allows us 
to judge \vhich model is more likely to have generated the data. The second is the Akaike 
intormation criteria (AIC) and the third is the Schvvarz Bayesian Criterion. The distribution with a 
lower value for these information criteria is judged to be preferable. Based on the estimation 
performance measures such as the R' , AIC and SIC together with the torecasting performance 
measures such as the MAPE, MSE, MAE, etc we determine the best model. Below, the 
performance measures for the 4 different models for each of the 15 stocks are presented in tabular 
1l)[m (Tahle 4.3.1 - 4.3.15). The superior performance measures are highlighted in bold. 
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Table 4.3.1 GARCH model selection for TOllgaat Hulett 
Hulett 
Log Likelihood 
AIC 
SIC 
Adj. RI\2 
MSE 
MAE 
MAPE 
TIC 
· -
186.4823 
-2.203486 
-2.051012 
0.275383 
0.076789 
0.062974 
174.6769 
0.646027 
TARCH 
186.6122 
-2.192743 
-2.02121 
0.270639 
0.076639 
0.062987 
173.9575 
0.646352 
186.3834 
-2.189919 
-2018386 
0.273377 
0.076667 
0.062974 
172.9172 
0.649746 
Table 4.3.2 GARCH model selection for KWV Belegging\' 
KWV Beleggings 
Log Likelihood 
AIC 
SIC 
Adj. RI\2 
MSE 
MAE 
MAPE 
TIC 
· -
TARCH 
173.5348 176.1268 
-2.233797 -2.255024 
-2.113372 -2.114528 
0.186176 0.181204 
0.055953 0.055711 
0.041661 0.041871 
243.8976 214.5748 
0.535014 0.556494 
Table 4.3.3 GARCH model selection for Nuworld 
Nuworld 
Log Likelihood 
AIC 
SIC 
Adj. RI\2 
MSE 
MAE 
MAPE 
TIC 
· -
TARCH 
1190266 123.4867 
-1.387832 -1.431084 
-1.234074 -1.258106 
0.102346 0.110213 
0.083721 0.079828 
0.070211 0.066397 
1390.841 1345.147 
0.697038 0.694928 
177.7016 
-2.276021 
-2.135525 
0.180908 
0.055432 
0.041912 
212.431 
0.555086 
125.1231 
-1.451539 
-1.278561 
0.111383 
0.077597 
0.06448 
1202.75 
0.692158 
55 
PARCH 
187.4897 
-2.191231 
-2000638 
0.262617 
0.076605 
0.062742 
174.3674 
0.644939 
PARCH 
176.366 
-2.24488 
-2084313 
0.175787 
0.055672 
0.041734 
221.9693 
0.551118 
PARCH 
112.071 
-1.275887 
-1083689 
0.109249 
0.07439 
0.06069 
1072.47 
0.711684 
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Table 4.3.4 CARCR model selection for Tiger Brands 
Tiger Brands 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
· -
181.791 
-2.378108 
-2.235707 
0.091286 
0.056131 
0.049204 
107.4075 
0.661438 
. -
186.4864 
-2.428386 
-2.265642 
0.081097 
0.057185 
0.046858 
99.21949 
0.69014 
EGARCH 
184.844 
-2.40604 
-2.243296 
0.074448 
0.060255 
0.04617 
117.0701 
0.672092 
Table 4.3.5 CARCH model selection for Impala Platinum 
Impala Platinum 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
· -
117.5419 
-1.460558 
-1.299991 
0.186374 
0.084762 
0.068767 
319.9657 
0.687167 
TARC 
117.6784 
-1.449045 
-1.268407 
0.180511 
0.084192 
0.068018 
315.9537 
0.691557 
Table 4.3.6 CARClJ model selectiollfor Bar/oworld 
Barloworld 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
· -
180.3548 
-2.298065 
-2.137497 
0.310041 
0.082139 
0.070169 
167.4161 
0.624538 
TARC 
183.2348 
-2.323131 
-2.142493 
0.298441 
0.08199 
0.070615 
197.9977 
0.602839 
EGARCH 
116.6806 
-1.435741 
-1.255103 
0.180176 
0.081938 
0.066254 
302.3008 
0.683503 
EGARCH 
179.0855 
-2.267807 
-2.087169 
0.304703 
0.082741 
0.07148 
198.9947 
0.606193 
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PARCH 
PARCH 
120.2007 
-1.469343 
-1.268634 
0.170957 
0.086679 
0.070062 
332.1272 
0.697032 
PARCH 
1800279 
-2.267038 
-2066329 
0.299267 
0.082274 
0.070912 
196.683 
0.605212 
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Table 4.3.7 GARCH model selection for Omnia 
Omnia 
Log Likelihood 
AIC 
SIC 
Adj. RJ\2 
MSE 
MAE 
MAPE 
TIC 
· -
157.2999 
-1.709603 
-1.601937 
0.0543 
0.067388 
0.051026 
176.7087 
0.687301 
. -
1600237 
-1.729082 
-1.603471 
0.047731 
0.067578 
0.051023 
173.8494 
0.689786 
Table 4.3.8 GARCH model selection for Sable 
Sable 
Log Likelihood 
AIC 
SIC 
Adj. RJ\2 
MSE 
MAE 
MAPE 
TIC 
· -
115.7609 
-1.359512 
-1.224973 
0.011975 
0.08261 
0.055158 
47.40151 
0.729479 
. -
116.3899 
-1.313817 
-1.163225 
-0007188 
0.084712 
0.057037 
55.12572 
0.738111 
.. 
1585031 
-1.7119 
-1.586289 
0.048859 
0.067344 
0.050893 
170.5058 
0.695119 
. -
115.5861 
-1.304074 
-1.153483 
0.003805 
0.084386 
0.057939 
58.95444 
0.71771 
Table 4.3.9 GARCH model selection for Liberty Group 
Liberty Group 
Log Likelihood 
AIC 
SIC 
Adj. RJ\2 
MSE 
MAE 
MAPE 
TIC 
· -
231.0262 
-2.514259 
-2.40742 
0.168189 
0.059185 
0.045196 
148.2132 
0.603428 
TARCH 1,1 EGARCH 1.1) 
232.1254 231.5168 
-2.515368 -2.508568 
-2.390721 -2.383922 
0.165141 0.164954 
0.058552 0.058781 
0.045036 0.045063 
1480383 147.0674 
0.5977 0.601059 
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PARCH 
161.8241 
-1.738125 
-1.59457 
0.040383 
0.06788 
0.05113 
175.9197 
0.686158 
PARCH 
116.8807 
-1.307645 
-1.13823 
-0.021255 
0.083344 
0.056407 
52.83875 
0.721358 
PARCH 
232.8757 
-2.512577 
-2.370124 
0.159941 
0.058641 
0.045092 
149.4846 
0.596344 
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Table 4.3.10 GARCII model selection for Hudaco 
Hudaco 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
.. 
1683663 
-2.122435 
-2.003595 
0.204572 
0.071445 
0.056784 
147.0846 
0.562158 
TARCH 
171.7468 
-2.153552 
-2.014905 
0.19749 
0.072305 
0.057319 
143.7733 
0.579617 
Table 4.3.11 GARCH model selectioll for S.4Bmiller 
SABmiller 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
.. 
196.8159 
-2.514117 
-2.374244 
0.188112 
0.049914 
0.03608 
233.0444 
0.569769 
TARCH 
197.2979 
-2.507257 
-2.347402 
0.182934 
0.049812 
0.035892 
226.2287 
0.57109 
173.4796 
-2.176204 
-2.037556 
0.194831 
0072787 
0.0573 
138.6511 
0.595778 
193.7356 
-2.460075 
-2.300219 
0.181701 
0.04946 
0.034926 
197.3068 
0.582361 
Table 4.3.12 GARCR model selection for Anglo-American 
153.7573 158.0448 154.4932 
-1.996697 -2.041426 -1.993105 
-1.854296 -1.878681 -1.83036 
0.272451 0.24554 0.266302 
0.068871 0.0658 0.069292 
0.056972 0.053633 0.05774 
218.3718 189.117 227.0171 
0.643799 0.657728 0.636161 
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PARCH 
172.8403 
-2.154775 
-1.996321 
0.191023 
0.072439 
0.057181 
140.679 
0.587436 
PARCH 
198.7953 
-2.513844 
-2.334007 
0.175909 
0.050153 
0.036405 
234.4957 
0.565003 
PARCH 
155.7173 
-1.996154 
-1.813066 
0.257628 
0.068664 
0.056971 
213.8075 
0.645939 
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Table 4.3.13 GARCH model selection for Rainbow Chicken 
Rainbow Chicken 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
· -
87.08226 
-0.994874 
-0.880994 
0.11202 
0.101059 
0.077495 
197.8877 
0.767798 
TARCH 
102.8859 
-1.176514 
-1.043654 
0.080623 
0.099602 
0.076215 
150.3432 
0.838786 
Table 4.3.14 GARCH model selection for FirstRalld 
FirstRand 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
· -
195.8775 
-2.556157 
-2.393412 
0.380308 
0.051647 
0.039889 
389.4368 
0.476635 
. -
195.9774 
-2.54391 
-2.360822 
0.371931 
0.054092 
0.041792 
405.276 
0.473483 
Table 4.3.15 GARCH model selection for SASOL 
SASOL 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
· -
160.7161 
-1.851104 
-1.700512 
0.130354 
0.077065 
0.053648 
142.8048 
0.721494 
. -
162.9382 
-1.865918 
-1.696503 
0.112221 
0.074613 
0.052702 
129.8759 
0.7 46571 
EGARC 
101.5179 
-1.159729 
-1.026868 
0.085414 
0.100237 
0.076919 
158.6468 
0.823289 
. -
195.8329 
-2.541944 
-2.358857 
0.379725 
0.052905 
0.040996 
410.0387 
0.466436 
. -
160.8786 
-1.840953 
-1.671537 
0.122593 
0.076296 
0.053582 
128.316 
0.741512 
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PARCH 
94.61627 
-1062776 
-0.910936 
0.10313 
0.102847 
0.079123 
192.7316 
0.784976 
PARCH 
195.0801 
-2.518097 
-2.314666 
0.367906 
0.054486 
0.041927 
399.1397 
0.478357 
PARCH 
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Above in Tables 4.3.1 - 4.3.15 the Log-likelihood together with Akaike's information 
criterion (AIC) as \vell as the Schwarz Criterion for p=q= 1 are presenrcd. Four different forecast 
measures are also presented to determine which model periclrms best on out-of-sample data. It is 
obserYed that 6 out of the 15 stocks, namely KWV Beleggings, Tiger Brands, Barloworld, Sable, 
Hudaco and FirstRand are best modelled by the symmetric GARCH; 4 stocks namely Liberty 
Group, Anglo-American, Rainbow Chicken and SASOL by the T ARCH model: 3 namely Impala 
Platinum, Omnia and SABmilier by the EGARCH model and the remaining 2 namely Tongaat 
Hulett and Nuworld by the PARCH model. Evidently, f1-cllll these results the superior model for 
modelling volatility of the stock returns from the selected sample, amongst the chosen GARCH 
models, is the symmetric GARCH model as it best models the volatility of the most stocks in the 
sample. 
4.3.2 Determining Best Lag Structure for the Symmetric GARCH model 
Having determined that the symmetric GARCH model best describes most of the stocks in the 
sample's return volatility we discard of the 3 other GARCH models and further investigate the 
best lag structure for the standard GARCH model. The best lag structure can be obtained by 
altering the ARMA p and q orders of the symmetric Gr'\RCH (p.q). Hence \ve investigate the 
symmetric GARCH under different lag structures namely the GARCH (1,1), GARCH (1,2), 
GARCH (2,1) and GARCH (2,2) for each of the 15 stocks. Based on the torecasting ability of each 
of these 4 lag structures, we determine the best lag structure for our mode lling purposes. Below are 
the performance measures for the 15 difIerent stocks based on forecasting ability for each of the 15 
stocks presented in tabular form (Tah/e 4.3.16 - 4.3.30). 
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Table -1.3.16 Symmetric CAReH model selection for Tongaat Hulett 
Hulett 
Log Ukelihood 
AIC 
SIC 
Adj. R"2 
MSE 
MAE 
MAPE 
TIC 
· . 
186.4823 
-2.203486 
-2.051012 
0.275383 
0.076789 
0.062974 
174.6769 
0.646027 
· . 
186.7646 186.5187 
-2.194625 -2.191588 
-2.023092 -2.020055 
0.267413 0.270157 
0.076678 0.076774 
0.062921 0.062957 
174.81 174.4967 
0.643981 0.646144 
Table 4.3.17 Symmetric CAReH model selection for KWV Beiegging" 
KWV Beleggings 
Log Ukelihood 
AIC 
SIC 
Adj. R"2 
MSE 
MAE 
MAPE 
TIC 
· . 
173.5348 
-2.233797 
-2.113372 
0.186176 
0.055953 
0.041661 
243.8976 
0.535014 
· . GAR 
175.1661 173.5487 
-2.242215 -2.22065 
-2.101719 -2080154 
0.181136 0.180671 
0.055634 0.05594 
0.041661 0.041663 
231.7571 243.2467 
0.543877 0.535262 
Table 4.3.18 Symmetric CAReH model selection for lVuworld 
Nuworld 
Log Ukelihood 
AIC 
SIC 
Adj. R"2 
MSE 
MAE 
MAPE 
TIC 
· . 
119.0266 
-1.387832 
-1.234074 
0.102346 
0.083721 
0.070211 
1390.841 
0.697038 
· . 
. . 
119.1581 119.656 
-1.376976 -1.3832 
-1.203997 -1.210222 
0.095718 0.094288 
0.083493 0.082641 
0.070048 0.069368 
1373.532 1307.044 
0.69675 0.696596 
61 
GARCH 
186.7657 
-2.182293 
-1.9917 
0.26272 
0.07668 
0.062925 
174.8182 
0.64401 
GARCH 
175.2271 
-2.229695 
-2.069128 
0.175386 
0.055612 
0.041586 
229.6805 
0.545571 
. . 
120.2471 
-1.378088 
-1.18589 
0.087856 
0.082669 
0.069368 
1295.069 
0.697168 
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Table 4.3.19 Symmetric GARCH model selection for Tiger Brallds 
Tiger Brands 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
· -
181.791 
-2.378108 
-2.235707 
0.091286 
0.056131 
0.049204 
107.4075 
0.661438 
.- . 
· -
1819461 181.7911 
-2.366614 -2.364505 
-2.203869 -2.20176 
0.085086 0.084759 
0.06017 0.060258 
0.049125 0.049206 
107.8504 107.3863 
0.661787 0.661467 
Table 4.3.20 Symmetric GARCH model selectioll for Impala Platinu11l 
Impala Platinum 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
· -
117.5419 
-1.460558 
-1.299991 
0.186374 
0.084762 
0.068767 
319.9657 
0.687167 
. -
· -
121.1679 120.7547 
-1.495572 -1.490063 
-1.314934 -1309425 
0.154842 0.17794 
0.077547 0.087407 
0.063178 0.070949 
266.5945 336.6269 
0.675795 0.691885 
Table 4.3.21 Symmetric GARCH model selectioll for Barlmvorld 
Barloworld 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
· -
180.3548 
-2.298065 
-2.137497 
0.310041 
0.082139 
0.070169 
167.4161 
0.624538 
. -
· -
182.4066 181.8849 
-2.312088 -2.305131 
-2.13145 -2.124493 
0305864 0304998 
0.082345 0.082443 
0.070591 0.070756 
185.2082 182.2717 
0.629506 0.614549 
62 
GARCH 
182.8576 
-2.365409 
-2.182322 
0.078236 
0.060376 
0.049402 
110.3851 
0.663276 
GARCH 
121.3583 
-1.484778 
-1.284069 
0.169909 
0088524 
0.071607 
339.5463 
0.696677 
GARCH 
182.8621 
-2304828 
-2.104119 
0.299453 
0.082457 
0.070716 
186.9408 
0.621495 
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Table 4.3.22 Symmetric GARCH model selectio/l for Omnia 
Omnia 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
. -
157.2999 
-1.709603 
-1.601937 
0.0543 
0.067388 
0.051026 
176.7087 
0.687301 
. - GAR 
158.3245 157.8139 
-1.709882 -1.704112 
-1.584271 -1.578502 
0.047184 0.048056 
0.067477 0.067391 
0.051298 0.051108 
181.4447 178.5878 
0.681492 0.68496 
Table 4.3.23 Symmetric GARCH model selection for Sable 
GARCH 
115.7609 1207505 116.1256 
-1.359512 -1.409382 -1.35157 
-1.224973 -1.255623 -1.197812 
0.011975 0.006549 0.014642 
0.08261 0.082511 0.082662 
0.055723 0.055158 0.056394 
47.40151 47.37679 52.26628 
0.729479 0.716693 0.716592 
Table 4.3.24 Symmetric GARCII model selection for Liberty Group 
Liberty Group 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
. -
231.0262 
-2.514259 
-2.40742 
0.168189 
0.059185 
0.045196 
148.2132 
0.603428 
GARCH 
231.0584 231.1188 
-2.503446 -2.50412 
-2.3788 -2.379474 
0.163247 0.162604 
0.059191 0.059194 
0.045185 0.045129 
147.6008 145.2358 
0.604522 0.608307 
63 
GARCH 
158.4961 
-1.700521 
-1.556966 
0.041837 
0.067502 
0.0513 
181.8815 
0.680983 
GARCH 
118.8095 
-1.372619 
-1.19964 
0.008835 
0.082748 
0.056612 
49.40442 
0.712242 
GARCH 
231.1188 
-2.492947 
-2.350494 
0.157832 
0.059195 
0.045138 
145.5833 
0.607796 
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Table 4.3.25 Symmetric GARCH model selection for lludaco 
Hudaco 
Log Likelihood 
AIC 
SIC 
Adj. RJ\2 
MSE 
MAE 
MAPE 
TIC 
· -
168.3663 
-2.122435 
-2003595 
0.204572 
0.071445 
0.056784 
147.0846 
0.562158 
. - . -
172. 7982 168.9899 
-2.167297 -2.117515 
-2.02865 -1.978868 
0.19831 0.193676 
0.071482 0.072347 
0.056686 0.056854 
146.2782 141.4673 
0.564104 0.584598 
Table 4.3.26 Symmetric GARCH model selection for SA Bm iller 
SABmilier 
Log Likelihood 
AIC 
SIC 
Adj. RJ\2 
MSE 
MAE 
MAPE 
TIC 
· -
196.8159 
-2.514117 
-2.374244 
0.188112 
0.049914 
0.03608 
233.0444 
0.569769 
. - . -
197.5852 196.8363 
-2.511062 -2.501144 
-2.351206 -2.341288 
0.180814 0.182438 
0.050085 0.049916 
0.036274 00361 
237.7858 233.6912 
0.568039 0.56967 
Table 4.3.27 Symmetric GARCH model selection for Anglo-American 
Anglo-American 
Log Likelihood 
AIC 
SIC 
Adj. RJ\2 
MSE 
MAE 
MAPE 
TIC 
· -
153.7573 
-1.996697 
-1.854296 
0.272451 
0.068871 
0.056972 
218.3718 
0.643799 
.- . .- . 
1560152 153.9278 
-2013813 -1.985412 
-1.851068 -1.822667 
0.263012 0.266474 
0.069919 0.069221 
0.058275 0.057216 
231.185 218.7322 
0.634802 0.646262 
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GARCH 
171.2569 
-2.134077 
-1.975623 
0.177389 
0.073051 
0.056616 
137.1637 
0.600153 
GARCH 
197.5939 
-2.497932 
-2.318095 
0.174963 
0.050104 
0.036277 
237.6286 
0.567798 
GARCH 
156.2903 
-2003949 
-1.820861 
0.256805 
0.069496 
0057896 
230.3692 
0.632384 
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Table 4.3.28 Symmetric GARCH model selection for Rainbow Chicken 
Rainbow Chicken 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
. -
87.08226 
-0.994874 
-0.880994 
0.11202 
0.101059 
0.077495 
197.8877 
0.767798 
. - .. 
87.33721 87.28852 
-0985733 -0.985135 
-0.852872 -0852275 
0.103912 0.103821 
0100359 0.100342 
0.0769 0.076888 
194.8325 194.7103 
0.767643 0.767682 
Table 4.3.29 Symmetric GARCH model selection for FirstRand 
FirstRand 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
. -
195.8775 
-2.556157 
-2.393412 
0.380308 
0.051647 
0.039889 
389.0851 
0.476635 
. - GARCH 
196.1425 198.7265 
-2.546157 -2.581312 
-2.363069 -2.398225 
0.376909 0.378179 
0.052091 0.052724 
0.040265 0.040498 
396.3654 390.513 
0.475205 0.475454 
Table 4.3.30 Symmetric GARCH model selection for SASOL 
SASOL 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
160.7161 
-1.851104 
-1.700512 
0.130354 
0.077065 
0.053648 
142.8048 
0.721494 
GAR GARCH 
160.7326 159.7898 
-1.839183 -1.827756 
-1.669768 -1.65834 
0.124872 0.118371 
0.07701 0.078239 
0.053719 0.055258 
142.5458 155.6793 
0.722276 0.700523 
65 
GARCH 
87.45064 
-0.974855 
-0.823014 
0.096039 
0.099857 
0.076468 
192.3053 
0.767841 
GARCH 
196.3976 
-2.536022 
-2.332591 
0.372242 
0.053418 
0.041444 
389.4368 
0.470321 
GARCH 
160.7453 
-1.827216 
-1.638977 
0.119174 
0.077005 
0.053683 
142.5626 
0.722215 
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Although the GARCH (1,2) model provided better estimation for 3 of the stocks namely. 
Tongaat Hulett and Impala Platinum, Sable; whilst the GARCH (2,1 )model best described 1 stock, 
f',iU\\orld and the GARCH (2,2) model also prO\ided better estimation for 1 stock, Rainbow 
Chicken, the results obtained were consistent with \vhat is commonly observed in modelling 
volatility of fmancial data and that is the fact that the GARCH (1,1) specification is adequate to 
capture the correlation in the squared returns of the stocks. In the selected sample of JSE listed 
stocks used fl.lr this research, the GARCH (1,1) model best models 10 out of the 15 stocks, 
namely. K\VV Bcleggings, Tiger Brands, Barloworld. Omnia, Liberty Group. Hudaco, SABmiller, 
Anglo-American, FirstRand and SASOL. 
4.3.3 Determining Best Distribution for Modelling with GARCH (1,1) 
Further to the findings above we would also like to determine if modelling the vo latility 0 f the 
stock returns using other error distributions which are fat-tailed, instead of the standard nonl1al 
distribution, such as the student's [-distribution and the generalized error distribution (GED) would 
improve the model. The real difficulty when looking at financial data is that we do not know \vhat 
the exact distribution of the underlying population is. The nornlal distribution is sometimes 
adequate, but can also miss important features. To evaluate whether modelling the volatility of the 
stock prices \vith distributions other than the normal distribution will improve the model, vve use 
two other distributions namely the student's {-distribution and the generalized Error distribution 
(GED) on each of the 15 stocks. If indeed there is an improvement in the forecasting ability of the 
model then we can conclude for the purposes of this research that the specific error distribution is 
superior to the nornlal distribution in modelling the volatility of the selected sample ofJSE stocks. 
As we are testing non-Gaussian distributions for the underlying process of returns, we apply 
out-of-sample analysis in density forecasts. Thus, rather predicting first and second moments as is 
common in the G ARCH literature. vve focus on density prcdictions and the cnerall density 
forecasting performance of competing models can be compared by evaluating their conditional 
densities at thc future observed values. We tabulate the results of the investigation in Tables 4.3.31 
- 4.3.45 below and using the same forecasting performance measures as before we select the best 
distribution to model the volatility of the stock returns. 
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Table 4.3.31 Error Distribution selection for TOllgaat Hulett 
Tongaat Hulett 
Log Ukelihood 
AIC 
SIC 
Adj. RJ\2 
MSE 
MAE 
MAPE 
TIC 
Normal Distribution Student's t-dlstrlbutlon Generalized Error Distribution (GED) 
186.4823 186.593 186.6018 
-2.203486 -2.192506 -2.192615 
-2051012 -2.020973 -2021082 
0.275383 0.269012 0.272068 
0.076789 0.076923 0.076704 
0.062974 0.062998 0.062904 
174.6769 176.2102 173.3607 
0.646027 0.643183 0.648625 
Table 4.3.32 Error Distribution selection for K~VV Beleggings 
KWV Beleggings 
Log Ukelihood 
AIC 
SIC 
Adj. RJ\2 
MSE 
MAE 
MAPE 
TIC 
Normal Distribution Student's t-dlstrlbutlon Generalized Error Distribution (GED) 
173.5348 173.5344 173.5528 
-2.233797 -2.220459 -2.220704 
-2.113372 -2079962 -2080208 
0.186176 0.180485 0179899 
0.055953 0.055955 0.056044 
0.041661 0.041668 0.041688 
243.8976 243.8918 247.5773 
0.535014 0.535018 0.532632 
Table 4.3.33 Error Distribution selection for Nllworld 
Nuworld 
Log Ukelihood 
AIC 
SIC 
Adj. RJ\2 
MSE 
MAE 
MAPE 
TIC 
Normal Distribution Student's t-dlstrlbutlon Generalized Error Distribution GED) 
119.0266 121.0732 121.9584 
-1.387832 -1.400915 -1.41198 
-1.234074 -1.227936 -1.239002 
0.102346 0.11173 0.111295 
0.083721 0.078775 0.080797 
0.070211 0.065202 0.066927 
1390.841 1279.188 1370.654 
0.697038 0.705577 0.704519 
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Table -1.3.34 Error Distribution selection for Tiger Brand,' 
Tiger Brands Normal Distribution Student's t-dlstrlbutlon Generalized Error Distribution (GED) 
Log Likelihood 
AIC 
SIC 
Adj. R"2 
MSE 
MAE 
MAPE 
TIC 
181.791 
-2.378108 
-2.235707 
0.091286 
0.056131 
0.049204 
107.4075 
0.661438 
181.8309 1820546 
-2.365046 -2.368089 
-2.202301 -2.205345 
0.084651 0.084094 
0.060325 0.0605 
0.049281 0.049502 
107.5997 108.9967 
0.660567 0.659174 
Table 4.3.35 Error Distribution selection for Impala Platinum 
Impala Platinum 
Log Likelihood 
AIC 
SIC 
Adj. R"2 
MSE 
MAE 
MAPE 
TIC 
Normal Distribution 
117.5419 
-1.460558 
-1.299991 
0.186374 
0.084762 
0.068767 
319.9657 
0.687167 
Student's t-distribution 
118.6297 
-1.46173 
-1.281092 
0.175193 
0.086715 
0.069591 
324.134 
0.703033 
Table 4.3.3 6 Error Distribution selection for Barloworld 
Generalized Error Distrlbuti 
118.5853 
-1.461137 
-1.280499 
0.177367 
0.085913 
0.069227 
321.4673 
0.697574 
Barloworld Normal Distribution Student's t-dlstrlbutlon Generalized Error Distribution (GED) 
Log Likelihood 
AIC 
SIC 
Adj. R"2 
MSE 
MAE 
MAPE 
TIC 
180.3548 
-2.298065 
-2.137497 
0.310041 
0082139 
0070169 
167.4161 
0.624538 
180.3467 180.4054 
-2.284622 -2.285405 
-2.103984 -2.104767 
0.305178 0.304807 
0.082143 0.082061 
0.70176 0.7004 
167.5727 163.2104 
0.624545 0.62364 
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Table -1.3.3 7 Errol' Distribution selection for Omnia 
Omnia 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
Normal Distribution Stud 
157.2999 158.8906 
-1.709603 -1.716278 
-1.601937 -1.590668 
0.0543 0.048827 
0.067388 0.067262 
0.051026 0.050686 
176.7087 161.9469 
0.687301 0.707287 
Table 4.3.38 Error Distribution selection for Sable 
bution G 
158.7368 
-1.71454 
-1.588929 
0.047862 
0.067178 
0.050518 
155.675 
0.716592 
Sable Normal Distribution Student's t-dlstrlbutlon Generalized Error Distribution (GED) 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
115.7609 
-1.359512 
-1.224973 
0.011975 
0.08261 
0.055723 
47.40151 
0.729479 
1230425 
-1.438031 
-1.284273 
0.010746 
0.08296 
0.055007 
50.428 
0.747034 
Table 4.3.39 Error Distribution selection for Liberty Group 
265.8484 
-3.223104 
-3069346 
-004609 
0.090126 
0.055012 
62.50007 
0.999999 
Uberty Group Normal Distribution Student's t-dlstrlbutlon Generalized Error Distribution (GED) 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
231.0262 
-2.514259 
-2.40742 
0.168189 
0.059185 
0.045197 
148.2132 
0.603428 
231065 231.0496 
-2.503519 -2.503348 
-2.378873 -2.378701 
0.163824 0163653 
0.059156 0.059173 
0.045196 0.045199 
147.8912 148035 
0604277 0.60402 
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Table 4.3.40 Error Distribution selection for Hudaco 
Hudaco 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
Normal Dlstnbutlon Student's t-dlstnbutlon Generalized Error Dlstnbutlor, (GED) 
168.3663 168.6495 168.3995 
-2.122435 -2.113065 -2.109798 
-2.003595 -1.974417 -1.97115 
0.204572 0.199393 0.199079 
0.071445 0.071691 0.071547 
0.056784 0.056895 0.056823 
147.0846 144.4211 146.2442 
0.562158 0.570397 0.565123 
Table 4.3.41 Error Distribution selection for SABmiller 
SABmiller 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
Normal Distribution Student's t-dlstrlbutlon Generalized Error Dlstnbutlon (GED) 
196.8159 196.8713 196.9145 
-2.514117 -2.501606 -2.502179 
-2.374244 -2.34175 -2.342323 
0.188112 0.182746 0.18253 
0.049914 0.049837 0.049861 
0.03608 0.036041 0.036066 
233.0444 233.058 234.0179 
0.569769 0.570975 0.570765 
Table 4.3.42 Error Distribution selection for Anglo-American 
Anglo-American 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
Normal Distribution Student's t-dlstnbutlon Generalized Error Dlstnbutlon (GED) 
153.7573 157.6584 157.4787 
-1.996697 -2036169 -2033724 
-1.854296 -1.873424 -1.870979 
0.272451 0.264448 0.264389 
0068871 0.067182 0.065123 
0.056972 0.055573 0.054301 
218.3718 208.6363 205.8242 
0.643799 0.64368 0.634037 
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Table 4.3.43 Error Distribution selection for Rainbow Chicken 
Rainbow Chicken Normal Distribution Student's t-dlstrlbutlon Generalized Error Distribution (GED) 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
87.08226 
-0.994874 
-0.880994 
0.11202 
0.101059 
0.077495 
197.8877 
0.767798 
89.7688 
-1.015568 
-0.882708 
0.084056 
0.097092 
0.074269 
186.4907 
0.754436 
Table 4.3.4.1 Error Distribution selection for FirstRand 
FirstRand 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
Normal Distribution 
195.8775 
-2.556157 
-2.393412 
0.380308 
0.051647 
0.039889 
389.0851 
0.476635 
Student's t-distribution 
194.772 
-2.52751 
-2.344422 
0.378946 
0.053129 
0.04111 
395.7434 
0.47419 
Table 4.3.45 Error Distribution selection for SASOL 
92.13666 
-1.044622 
-0.911761 
0.04489 
0.093964 
0.071649 
164.1259 
0.76655 
Generalized Error Distribution 
199.1844 
-2.587543 
-2.404455 
0.380669 
0.051854 
0.040316 
415.8904 
0.461392 
SASOL Normal Dlstnbution Student's t-dlstrlbutlon Generalized Error Dlstnbutlon GED) 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
160.7161 
-1.851104 
-1.700512 
0.130354 
0.077065 
0.053648 
142.8048 
0.721494 
160.7119 161.195 
-1.838932 -1.844787 
-1.669517 -1.675372 
0.124782 0.123532 
0.077062 0.07766 
0.053649 0.053673 
142.8173 138.6652 
0.721498 0.724182 
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The Normal distribution provides a much closer approximation to the empirical unconditional 
density of 8 out of the 15 stocks. The stocks KWV Bclcggings, Tiger Brands, Impala Platinum, 
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Sablc, Hudaco. SABmiller, FirstRand and SASOL are best modelled by the normal distribution 
whilst ~ of the stocks: Nuworlcl and Liberty Group are best modelled by the student's [-
distribution and the other 5 stocks; Tongaat Hulett, BarlO\vorld, Omnia. Anglo-American and 
RainbO\v Chicken are best modelled using the generalized error distribution. Though therc has 
been so much research into the usc o l' other error distributions \vhich are better equipped to capture 
the fat-tailed nature of stock returns and evidence to support the use of these distributions, there 
\\as no significant incentive to use alternative distributions as the majority of the stocks in the 
sample \\ere best modelled using the normal distribution. 
4.3.4 Estimated Parameters 
Having determined that the symmetric GARCH (1,1) modelled with the Nom1al distribution 
is the best model for modelling the volatility of the sample of JSE listed stocks used for this 
research for the period Jan 1991 to Feb 2008, we proceed to estimate the variance equation 
parameters. The technique used in estimating the GARCH models involves maximization of a 
likelihood fi.ll1ction constructed under the assumption of a i.i.d distribution for the standardized 
innovations. The estimated parameters arc represented in Tuhles 4.3.46 - 4.3.60 below. 
Table 4.3.46 Parameters for the Variance Equation of Tongaat Hulett 
Tongaat- Hulett 
C 
RESIO( -1 )~2 
GARCH(-1) 
Coefficient 
0.000495 
0.065564 
0.85588 
Std. Error 
0.000716 
0.070729 
0.172748 
z-Statistic 
0.690579 
0.926983 
4.954486 
Prob. 
0.4898 
0.3539 
0.0000 
Table 4.3.47 Parameters for the Variance Equation of KWV Belegging'i 
KWV Beleggings 
C 
RESIO(-1Y2 
GARCH(-1) 
Coefficient 
0.001059 
0.152156 
0.679235 
Std. Error 
0.00102 
0.098953 
0.232395 
z-Statistic Prob. 
1.038795 0.2989 
1.537666 0.1241 
2.922757 0.0035 
Table 4.3.48 Parametersfor the Variance Equation ofNuwor/d 
Nuworld 
C 
RESIO(-1 Y2 
GARCH(-1) 
Coefficient 
0.000532 
0.205492 
0.770087 
Std. Error 
0.000529 
0.068305 
0.071197 
z-Statistic 
1.00541 
3.008434 
10.81633 
Prob. 
0.3147 
0.0026 
0.0000 
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Table 4.3.49 Parameters for the Variance Equatioll of Tiger Brands 
Tiger Brands 
C 
RESID(-1 )"2 
GARCH(-1) 
Coefficient 
0.000617 
0.108047 
0.760596 
Std. Error 
0.000632 
0.078241 
0.177895 
z-Statistic 
0.975616 
1.380954 
4.275522 
Prob. 
0.3293 
0.1673 
0.0000 
Table 4.3.50 Parameters/or the Variance Equatioll (~r Impala Platinum 
Impala platinum 
C 
RESID(-1 )"2 
GARCH(-1 ) 
Coefficient 
0.005282 
0.116962 
0.459377 
Std. Error 
0.00642 
0.146238 
0.580176 
z-Statistic 
0.822737 
0.799805 
0.79179 
Prob. 
0.4107 
0.4238 
0.4285 
Table 4.3.51 Parameters for the Variance Equatioll of Barloworld 
Barloworld 
C 
RESID(-1 )"2 
GARCH(-1 ) 
Coefficient 
0.000419 
0.090088 
0.829932 
Std. Error 
0.000596 
0.070571 
0.156157 
z-Statistic 
0.703841 
1.276553 
5.314745 
Prob. 
0.4815 
0.2018 
0.0000 
Table 4.3.52 Parameters for the Variance Equatioll of Omnia 
I 
Omnia Coefficient Std. Error z-Statistic Prob. 
I 
C 
RESID(-1 )"2 
GARCH(-1 ) 
0.000857 
0.154422 
0.776406 
0.000759 
0.066085 
0.118973 
1.128773 
2.336712 
6.525904 
0.259 
0.0195 
0.0000 
Table 4.3.53 Parameters for the Variance Equation of Sable 
Sable 
C 
RESID(-1)"2 
GARCH(-1) 
Coefficient 
0.001804 
0.332475 
0.572896 
Std. Error 
0.000518 
0.10424 
0.074904 
z-Statistic 
3.485015 
3.189511 
7.648391 
Prob. 
0.0005 
0.0014 
0.0000 
Table 4.3.54 Parameters for the Variallce Equation ~rLiberty Group 
Liberty Group 
C 
RESID(-1 )"2 
GARCH(-1) 
Coefficient 
0.000365 
0.118837 
0.802664 
Std. Error 
0.000376 
0.057947 
0.123604 
z-S tatistic 
0.97178 
2050796 
6.493835 
Prob. 
0.3312 
0.0403 
0.0000 
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Table 4.3.55 Parameters for the Variance Equation of Hudaco 
Hudaco 
C 
RESIO(-1 )112 
GARCH(-1) 
Coefficient 
0.001338 
0.083765 
0.707877 
Std. Error 
0.001646 
0.056463 
0.287978 
z-Statistic 
0.813328 
1.483543 
2.458089 
Prob. 
0.416 
0.1379 
0.014 
Table 4.3.56 Parametersfor the Variance Equation of SA Bmiller 
SABmiller 
C 
RESIO(-1 )112 
GARCH(-1) 
Coefficient 
0.000506 
0.182382 
0.712737 
Std. Error 
0.000474 
0.127287 
0.188747 
z-Statistic 
1.066358 
1.432846 
3.776149 
Prob. 
0.2863 
0.1519 
0.0002 
Table 4.3.57 Parameters for the Variance Equation of Anglo-American 
Anglo-American 
C 
RESIO(-1 )112 
GARCH(-1 ) 
Coefficient 
0.000726 
0.061027 
0.832723 
Std. Error 
0.00072 
0.056009 
0.122954 
z-Statistic 
1.008287 
1.089576 
6.772648 
Prob. 
0.3133 
0.2759 
0.0000 
Table 4.3.58 Parametersfi)r the Variance Equation of Rainbow Chicken 
Rainbow Chicken 
C 
RESIO(-1 )112 
GARCH(-1) 
Coefficient 
0.000124 
0.11946 
0.879918 
Std. Error 
0.000421 
0.038566 
0.045147 
z·Statistic 
0.293616 
3.097524 
19.49009 
Prob. 
0.7691 
0.002 
0.0000 
Table 4.3.59 Parameters for the Variance Equation ofFirstRalld 
FirstRand 
C 
RESIO(-1)112 
GARCH(-1) 
Coefficient 
8.11E-05 
0.078691 
0.901982 
Std. Error 
0.000247 
0.060554 
0.09798 
z-Statistic 
0.327565 
1.299522 
9.205743 
Prob. 
0.7432 
0.1938 
0.0000 
Table 4.3.60 Parameters for the Variance Equation of SASOL 
SASOL 
C 
RESIO(-1 )112 
GARCH(-1 ) 
Coefficient 
0.000402 
0.069975 
0.886009 
Std. Error 
0.00047 
0.059339 
0.091653 
z-Statistic Prob. 
0.853766 0.3932 
1.179246 0.2383 
9.667003 0.0000 
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The estimated GARCH parameters are significant \vithin the 5% range with the exception of 
the parameters estimated for Impala Platinum. 
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This section focuses on the validation of the chosen GARCH model, which in this case is the 
GARCH (1,1). Most of the tests performed in the pre-estimation stage are performed again and 
these include the Ljung Box Q - test to see if the autocolTelation in the squared return has 
successfully been removed; the larque-Bera test to see \vhether or not the distribution of the 
normalized residuals arc normally distributed and the Ltvl Arch test h) see whether the 
heteroscedasticity has been removed. All these tests will be presented in the following section. 
4.4.1 Ljung-Box Q - test 
In this section we test the residuals of each of the 15 stocks to observe whether we have 
removed all the autocolTelation in the squared residuals. In the pre-estimation stage \ve observed 
that there was significant autocolTelation in the squared residuals and now we aim to find out 
\vhether there still is a significant correlation in the stanclardized innovations or not. BelO\v in 
Table 4.4.1 we tabulate the results observed for 10, 15 and 20 lags where the null hypothesis Ho 
states that there is no autoeon·elation. 
Table 4.4.1 LjUl1g - Box Q testfor Squared Residuals (~fter Estimation 
Hulett 
KWV 
Nuworld 
Tigerbrands 
Impala Platinum 
Barloworld 
Omni 
Sable 
Liberty 
Hudaco 
SABmiUer 
Anglo-American 
Rainbow Chicken 
FirstRand 
SASOL 
Q(IO) Critical Value=18.3070 Q 
-value Stat 
16893 
0.473 8.6229 
0.217 10.7380 
0.207 13312 
0.216 11958 
0.2360 10.702 
0.209 14.733 
O.'+8()O 7.5318 
0.021 19.4860 
O.S7S 4.461'\4 
0.002 24.228 
0.3050 9.46 
0.2300 14.5820 
0.1'\86 2.9850 
0.5460 5.9425 
lue Stat lue 
0.9900 3.6023 0.9160 
0.801 9.4.+36 0.825 
0.2630 1.+.622 0.459 
0.2370 16.2320 0.217 
0.3'+6 13.319 0.308 
0.2020 15.927 0.3930 
0.336 15.638 0.602 
05030 12.303 0.612 
0.03 25.'+55 0.12()() 
0.774 9.R323 0.4.+6 
OJ)! 3 26.88: 0.013 
0.715 9.7366 0.901'\ 
0.2220 17.61'\ 0.2660 
0.483 115.+3 0.'+14 
0.7990 7.8179 0.3760 
Stat 
9.7013 
13.268 
16.933 
23.468 
22.551 
17.929 
16.679 
15.727 
26.366 
1 C).ln 
33.X37 
10.666 
15.693 
17.6 
18.206 
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Only Liberty Group and SABmiller still show autocorrelation in the squared residual after 
estimation by the GARCH (1, I) model. However, HI) is accepted in 13 of the 15 cases indicating 
that GARCH modeling does remove autocorrelation in the squared residuals. 
4.4.2 Engle's ARCH test for the residuals after Estimation 
We conduct Engle's ARCH test on the residuals after estimation USll1g the GARCH (1,1) 
model to observe whether the conditional heteroscedasticity observed in the pre-estimation stage is 
still present. The results of Engle's ARCH test for the rcsiduals after estimation are shown in 
Table 4.4.2 below: 
Table 4.4.2 Engle's ARCH testfor residuals after estimation 
ARCH 1-10 test ARCH 1-15 test ARCH 1-20 test 
Prob F( 1 0.183) Prob. F(15.173) Prob. F(20,163) 
Hulett 
KWV 
Nuworld 
Tigerbrands 
Impala Platinum 
Barloworld 
Omni 
Sable 
Liberty 
0.998925 
---
0.999511 0.19902 0.987858 
Hudaco 
SABmiUer 
Anglo-American 
Rainbow Chicken 
FirstRand 
SASOL 
0.53935 
0.102%1 
0.289846 
0.501858 
0.50192X 
0.1 XX79X 
o 52X:;91 
0.046119 
0.8X5305 
0.108393 
0.524188 
0.164213 
0.982489 
0.862588 
0.895605 
1.633919 
1.211486 
0.936976 
0.936897 
1.391436 
0.907317 
191950-' 
0.503226 
1.617383 
0.912292 
1.450745 
0.289662 
0.5356X6 
0.84837 
o 199263 
0.3522f:2 
0.7775-17 
0.)36313 
0.362944 
0.6:;9526 
0.12:;279 
0.792829 
0.260257 
O.S06 
0.340171 
0.846551 
0.94:-1:;77 
(l.(,263 06 0.859355 0.656977 
1.320029 0.332344 1.12665-1 
1.113-1-18 0.25-1707 1.217755 
0.702753 0.540981 0.93845X 
0.927264 0.732132 0.779807 
1.098283 0.669935 0.833259 
O),3306X 0.6797"'6 0.8246:; 
1.470307 0.352544 l.lO:;774 
0.68733-1 0.459378 1.007604 
1.228227 0.120105 1.437884 
0.673208 0.906182 0.5983f:5 
1.125308 0.08342 1.528437 
0.628218 0.785017 0.732092 
0.477615 0.X02074 0.717438 
We observe that in most of the stocks. 11 to be precise, the conditional heteroscedasticity is 
removed. Only 4 stucks namely, Nuwurld, Liberty Group, SABmiller and Rainbow Chicken still 
shO\v the presence of conditional heteroscedasticity. HO\vever, we can conclude that the GARCH 
(1,1) comprehensively removes conditional heteroscedasticity from the stock data. 
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As discussed earlier in this master thesis, we assume that ~r is supposed to be normally 
distributed. \Ve can investigate this using several methods, but the Jarque-Bera test is the main 
method for investigating normality of the residuals ~r . Other means to investigate this include, the 
estimated moments for the distribution. Results from the Jarque - Bera test as well as the 
estimated moments of the distributions for each of the 15 stocks are show in T(fble 4.4.3 below: 
Table 4.4.3 Jarque-Bera Testfor Normality afier Estimatiol1 
-0.12853 I 2.-183609 -2.281 il9 0.210952 2.771665 1.43837 0.-1871-19 
-O.066ms 3.330455 -2.82219 I.OIW)03 -0.037-1-18 3.5-12961 2.002776 0.367369 
-0.0-1 I 61lS -0.025-11 2.5843/X -2.5972'1 I.OO1l099 -0.11-1852 3JJ66075 0.3-1'1918 O.S39-1lJ2 
-0.036984 3.021952 -2.5305X 1.0032-16 0.275508 3.512683 3.5-10394 0.170209 
-0.035136 2.9511217 -2.-1-1112 1.00/905 0.127638 2.86377-1 0.523271 0.769702 
-0.103902 3.7556il3 -2.8192-1 1.(1)06-11 0.285203 3.792833 7.035369 U.02966i1 
-0.110383 3.226733 -3.10333 1.000919 -0.02556-1 -1.51100 II 15.0177 0.0005-18 
-0.001071 2.690865 -3.0S33 1.I)021l66 -lJ.O-l7-155 3.01-;3662 0.119387 0.9-121)53 
-0.029778 2.46697 -3.3S353 1.00-1-166 -O.006R 12 3.353837 0.790562 0.670-167 
0.03/331 2.49-1775 -2.80015 1.00-1717 -0.1-118-13 3. I 027 !-I I 0.572803 0.750961 
0.ORI061 4.122628 -2.52()1-I 1.00236-1 0.176887 -I.561-1S8 15.700R3 o.OOml)O 
-().O7289 0.029272 2.512331 -3.6-18 J.()(15515 -O.S03-1ill 3.72721 10.-1760 O.OOS]II 
-0.10701 2.895-15 -3.008-15 UJI1616 O.IJOJ02 3.21220 I 0.276262 O.87()')S5 
(1.0-1175-1 2.62-12-16 -2.2-13<)0 IJ.LJlJlJ22 I 0.1366"72 2.69S 17:-\ 1.13996:-; 0.565535 
The Jarque -Bera test states that at the 5% level if the p-value obtained is ~ 0.05 then we 
reject the hypothesis that :::[ is normally distributed. Therefore from the results in Table 4.4.3 
alx)\e we obsene that 11 out of the 15 stocks shO\v that ~r is nom1ally distributed. Notably results 
telr Omni, Sable, Anglo-American and Rainbow Chicken reject the hypothesis that ~r is normally 
clistribution. It is also observed that t(:)I" the 10 stocks v\hich accept the hypothesis that ~i is 
normally distributed for the Jarque - Bera test, their first, second, third and fourth moments are 
c luse to their corresponding normal values. The corresponding normal value for the first moment 
(mean) is 0; second moment (standard deviation) is 1; third moment (skewness) is 0 and fourth 
moment (kurtosis) is 3 as discussed in Section 2.3.1. 
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4.5 Summary and Assessment: Modelling of Volatility of Stock 
Prices using GARCH models 
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In this master thesis we have discussed alternative unconditional and conditional 
distributional models for the monthly returns of 15 randomly selected JSE stocks considering 
various GARCH models driven by normaL studenfs t and generalized error distributed 
innovations. 
The behavior of returns is consistent with the \vell documented stylized facts common to 
financial data series. Firstly, the return series exhibit a considerable level of excess kurtosis and 
departure from normality. Furthermore, the empirical evidence presented in this paper indicates 
that time series of monthly stock returns exhibit significant levels of dependence. The probability 
distribution of 1;, is not independent of I~'T' Despite the small autocorrelation of returns, the serial 
dependence in the square returns is clearly not rejected pointing towards the existence of volatility 
clusters. The conditional heteroscedastic processes allow for autocoITelation between the first and 
second moments of return distributions over time, and consequently they fit to data very 
satisfactorily. Also notably, the volatility of returns tends to be highly persistent. 
The GARCH models applied in this research more importantly provide improved f{)recasts of 
\'olatility as compared to normal regression techniques. \Vithin the class of such models. the 
GARCH (1,1) model shows the best fit and t()recast accuracy. The forecasting capabilities of 
GARCH models constitute nlrther eviclence as to their overall usefulness as practical models of 
stock returns and also about their relative merits as such. 
The fit of the GARCH (1,1) model is further evaluated by the fact that the Ljung Box Q-test 
and Uvl ARCH test suggest that the autocorrelation in the squared residuals and heteroseedasticity 
haw been removed in the post-estimation stage. Further to this. the standardized residuals ha\"C a 
standard normal distribution, as they should and the additional assumption of conditional 
normality in the larque-Bera tests cannot reject the hypothesis of normality. The GARCH models 
reduce the excess kurtosis to around zero. Skewness is also no longer present. These results are 
expected but still they provide supporting evidence of good fit to data. They shovv that large 
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returns (of either sign) are more frequently obsened in more volatile periods, and vice versa. This 
is a realistic description of stock-market behaviour. 
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Chapter 5. GARCH modelling & 
Construction 
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Portfolio 
For decades, Sharpe Single Index models have been used to try and provide accurate 
estimates of the Portfolio Mean-Variance EtTicient Frontier Optimization solution. Sharpe 
Single Index models basically use Linear Regression Models to estimate the input parameters, 
i.e. the means and variances t()r the optimal portfolio construction. The Sharpe Single Index 
Models use estimated regression coetTicients (betas), estimated covariance matrix between the 
chosen index and the conditional unbiased estimates of the residuals. There has been 
considerable evidence that regression index models induce both autoconelation in the residuals 
and volatility in the squared residuals, hence autocorrelation (AR) processes and GAReH 
(heteroscedastic) processes play an important role in mean-variance construction of efficient 
fronticrs. 
In recent times AR and GAReH processes have been used to construct Efficient Portf()lios 
with superior Efficient Frontiers and these are called Dynamic Time Series Models. These 
models are supposedly more superior to the traditional Marko\vitz and Sharpe Index models as 
they have significant risk reduction 
5.1 The Classical Markowitz Mean-Variance Model 
Let p be the number of stocks in our portfolio, then the vector of return values of the stocks will 
be given by the vector: 
R= (5.l.l) 
and we assume these to be log returns with mean 
E R =fL (5.1.2) 
and the cO\'ariance matrix contains a historic covariance structure of the portfolio given by 
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L=E[ R-f-1 R-f-1 ,] 
Further to this, a portfolio is a proportional investment, say Hi, in each stock, so that 
Let 
Then our portfolio is given by 
Subject to 
I' 
2: 11' = I 
i-I I 
W= 
W 
r 
P=W'R 
(' 
= L 11' R 
I I I I 
(' 
Ill' = I 
/-1 I 
Hence the Expected return of the portfolio is given by 
(' 
E P = W'E(R) = JY'~= Ill'lL = J1 
I I I P /-
And the variance is 
var P = 'fV'L.W 
/) /) 
= 2: 2: w}t' (J' 
I=! ;-=1 I ! i/ 
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(5,1.3) 
(5,1.4) 
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The Classical Markowitz Mean-Variance formulation in essence sought to choose the 
weights, 1\', • such that the Expected Return E P = U IS maximised but in the same instance 
, !' 
minimising the risk CJ" . 
~ p 
In addition to this, Markowitz introduced the concept of an EtTicient Frontier. A portfolio is 
called efficient if 
• For a given amount of risk, the expected return is maximised, or: 
• For a given amount ofretum, the expected risk is minimised 
\Vith this concept in mind, the solution of this portfolio optimization problem \villlie on the 
efficient frontier line. Specifically the efficient frontier is a line plot in the 2 - dimensional mean-
variance spaces. Finding the efTicient frontier is a non-linear quadratic programming (QP) 
problem and can be solved using well-known numerical techniques. To solve the problem one 
neecls either to fix the return Ll and then minimize the variance CJC • or fix the variance and then 
j p p 
maximize the return. 
The Markowitz portfolio problem is then formally: 
I' 
max E P = W'1l = L 11J.I{ 
II. /-1 
(5.1.5) 
I) 
min = W'I,W = L H' 11' CJ 
11, /.)=1 I I I) 
(5.1.6) 
I' 
subject to L}t' = 1. { . 
I-I 
o <:: lI'{ <:: l.i = 1... .. p 
5.2 The Sharpe Single Index Model 
The Sharpe Single Index Moclel is formulated as: 
R i{ = u , + P,I, +eu where i = 1.. ... q:1 = 1. .... S (5,2.1) 
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The Sharpe Single Index Model is based on the main assumption that shares move together 
only because of a common co-movement with the market or simply that the only correlation 
that any t\VO stocks share is explained via the stock con-elation with the market index. Further to 
this a Single Index Model can be defined as a one-factor regression model of stock returns. It is 
a response to the observation that stocks fo11mv the movements of the market. 
The Sharpe Single Index Model assumes that: 
(5.2.2) 
(5.2.3) 
(5.2.4) 
(5.2.5) 
where i,j = L..._q,i 7: j 
In vector notation, the Sharpe Single Index Model is represented by 
RII (£1 /31 cit 
R = I , a= , /3= and e = I 
R{'I a /3f' c 1,1 !' 
and dropping the index t ,we get 
E(R) = a+ J3p l (5.2.6) 
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And 
7 0 0 U,~I 
0 
7 
0 ut!-2 
cov e 
0 O"L'{) 
Implying that 
7 0 0 U;I 
0 
7 0 
= (Y~ [J[J' + ()t~2 cov R 
0 u'P 
(5.2.7) 
(5.2.8) 
So in essence the Single Index Model assumes that all e,J = L. .. ,q,t = l.. ... ly' are 
84 
uncorrelated. Ho\vever, empirical evidence has proven this not to be the case. The errors elf of 
different stocks ha\-e been observed to be con-elated and the JSE is no exception. Hence the 
development of the Improved Sharpe Single Index Model. 
5.3 The Improved Sharpe Single Index Model 
The Improved Sharpe Single Index Model \vas introduced by Troskie, Hossain and Guo 
(2005) and unlike the simple Sharpe Single Index Model \vhich assumes that the errors ell of the 
different stocks are uncorrelated, it assumes the opposite. The model is an attempt to improve on 
the Sharpe Index tvlodel by including the covariance structure of the residuals. The improved 
Sharpe Index model has the advantage of including all the information used in the Classical 
Markowitz model and is still easily extended to include AR and GARCH components in the 
model which will capture the autocorrelation and heteroscedasticity in the stock returns therefore 
improving the Efficient Frontier. The Improved Sharpe Single Index model is formulated in the 
same way as the Sharpe Single Index Model: 
Un
ive
rsi
ty 
f C
ap
e T
ow
n
lVlodelling of Volatility of Stock Prices Using Garch rvlodels & its importance in Portfolio 
Construction 
But 
=U =CT 
II I 
\vhich can also be represented as: 
, 
u,:1 CTlc CTI !' 
E ee' =0= U'I 
and hence 
COY R = O"~ fJ fJ' + 0 = <I> 
For Portfolio P = W'R ,then, 
and 
E P =W' a+fJJ4 =f.1.p 
var(P) = W' CT lc f3f3' + [2 W 
= O"~W'f3fJ'JV + JV'OW 
2 
= O"p 
5.4 The Models & Results 
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(5.3.1) 
(5.3.2) 
(5.3.3) 
(5.3.4) 
(5.3.5) 
The detennination of the importance of GARCH modelling in portfolio construction was 
done with the use of Single Index models. When Index models are extended to include 
autocorrelation (AR) terms in the estimated residuals and hcteroscedasticity that appears in the 
estimated squared residuals they are called Dynamic Time Series Models. The researcher uses 3 
models in the analysis of the use of GARCH models in portfolio construction represented as 
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Model 1, Model 2 and Model 3 and compares them to the Classical Marhnvitz Mean-Variance 
Model. It should be noted however, that the covariance matrix suggested by Hossain, Troskie & 
Guo (2005) in Eq. 5.3.2, which incorporates correlations amongst the various shares giving a 
better variance approximation compared to the traditional Sharpe Index model which assumes 
zero correlation amongst the shares themselves is used. The Index used for our Single Index 
Models is the JSE index. 
Modell 
This is a straightforward AR (k) process. The model involves fitting AR terms to each of 
the return series. This involves assessing the Autocorrelation plots for each of the 15 stocks and 
then fitting appropriate AR terms. 
i = L. ... q.t = L .... :V, 
, 
where. 1'/1 has a distribution with mean zero and variance (TI~' 
Model 2 
This model fits only a GARCH (1,1) process. 
R =a +f31 +e If I I I if 
i = 1,. .. , qJ = L. .. )V. 
\vhere, 1'/1 has a distribution with mean zero and variance UI~ . 
Model 3 
(5.3.6) 
(5.3.7) 
(5.3.8) 
(5.3.9) 
This is an AR (k)-GARCH (1,1) process. This unlike \Iodcl 1 fits a GARCH (1,1) process 
together with the AR terms. 
R =a +f31 +e tl ( I I Ii 
aC=f)+aeC +yuC 
If I I a-I I 11-\ 
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i=I. .... q.l=l . .. .. N. 
wocr" ':, has u d"tribullon with mcun z"ro und varianc~ 0"'.". 
Th~ ohjective oi rhi' '1lIdy is to inwstigak th¢ importanc~ ofllsing GARCH mod"lling in 
portfolio construclion. This "an be d~tennined by obscrving loc mcan-varimlL"C rcspon>e as 
rcprcs.cnt(j.l by 111<0 dlici~nt fronti~r. The lCturnS. r~gr~s:,iDn. c"Ovarillnl'c and expeel"d retliTIl 
e_timate, jor ~ach of lhe modds welc calclllat ~d u;ing a program 'Hillen in EV1EViS 5. Toc 
"xlKTled rellirn (I') und covariance were lhen npon"d 10 MATLAB 7 und the quad rmi c 
programming probbn "u, ,olwd prodlll'ing toc effil'ient frontiers. 
Efllcicn\ frontiers for the Ck1ss1cal Mm1wwilz Mean Vanan"" mudd (Fig 5.4.1). 11;.; 
Improved Sharpe Single IIKkx Modd (wilh AR lcnm only - Modd 1) (FiX 5.4.2). lOC lJll)roy(j.j 
SnarlX' Singk Index Modd (with a GARCH (1.1) only - Model) (Fig 5.4.3) 3JlLi lmproy(j.j 
Sharpe Single Index Model (with AR term_ and (;ARCII (1. 1) pr""c,s." - MoMI 2) ({'if? 5.4.4) 
are il lustrated be low: 
FiR 5.4.1 
Un
ive
rsi
ty 
of 
Ca
pe
 To
wn
MOOeIing 01 Voial.llitv 01 Stock Proces Usi"9 G/!,ch MOOc.+s & .Is mporta ror.:e In Pnrtf"h" 
Confol' uction 
FiX H.l 
, 
, 
FiX 5 . .I.J 
o , 
, 
68 
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Fig 5,4.1. Fig 54.1 and Fig 5.4.3 and Fig 5.4,4 soow plm, "ffour eftlcienl fronl",rs. lloey 
cmrcspondlO Ihe Markowitz Model Improved Sh.rp Single Mood (rrudelled wilh AR lerm, 
only). Imrro \'~d Sharp Sing. le Model - (modelled wil h a GARCH (1.1) process ()nly) and 
Tmprowd Sfial'pt: Single Index M()del (modelled wilh oolh AR ."d a GARCH (I ,J) process), 
Clos~ insp<xtion " ,ill show thai IOC Improvcd Sh.rpc Sing:le Iooex Modd (rrudelk:d with bo!h 
AR and a (;ARCII (1.1) process) is the o~ which best approximates lhe Markowil" M"del 
effIcie,,1 frontier ofth" 3 mode ls. TheSl' ,."sults 'how thatlmpro\'e<l Shar~ Single InOCx Modd 
- ("..,>(!clled with AR terms only) and the Improwd Soorp Single !\-I"del (m()delled wilh a 
(iA R n I (1.11 P,.oc~<s only) urw;lcr-e,l1matc lOC nsk 0 f Ihe porI folio ooll~ared l() lhe lradil mnal 
Markowitz modeL ["idently. Ihis i, due to lhe facl Ihal a model wl11ch mcorp<Jra le , bolh AR 
term, and a GARCI-I (1.1) process bellcr approximalc, lhe "an.nCe of slock returns Ih." a 
model I'hieh only incorporalCS AR l"rmS Or a GARCH (l.l) pnx:ess only. This bring' to 
.Ilemion Ihe significance ofG A RCI I modell ing. in portrol io eonSlruclion. 
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Chapter 6: Conclusions 
Choice of best GARCH Model 
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Forecasts of volatility generated by the models are compared using the root mean squared 
error (RMSE), the mean absolute error (MAE), the mean absolute percentage error (MAPE), the 
Theil Inequality Coefficient (TIC) and the log-likelihood. 
Four ditferent GARCH models arc tested \vith the (p,q) specification (1,1) for the period 
January 1991 - February 2008. The models are namely the synunetric GARCH, TARCH, 
EGARCH and Power-ARCH. It is observed that 6 out of the 15 stocks, namely KWV Beleggings, 
Tiger Brands, Barloworld, Sable, Hudaco and FirstRand are best modelled by the symmetric 
GARCH: 4 stocks namely Liberty Group, Anglo-American, Rainbow Chicken and SASOL by the 
T ARCH model; 3 namely Impala Platinum, Omni and SABmiller by the EGARCH model and the 
remaining 2 namely Tongaat Hulett and Nuworld by the PARCH model. Therefore it can be 
concluded that the symmetric GARCH is a good choice in modelling stock returns although there 
is evidence that the asymmetric coefficient included in the EGARCH and T ARCH and power 
coefficient included in the Power-ARCH are good to implement in the GARCH model as shown 
by the stocks best modelled by the parallel models, Ho\ve\er, the symmetric GARCH proves to be 
the superior of the 4 models as it best models the returns of more stocks in the sample than any of 
the other models. 
Choice of best symmetric GARCH Model Lag Structure 
Having determined that the symmetric GARCH model is superior to other models under 
imestigation above. the new task was to determine the best lag structure (p,q) for modelling the 
stock returns. It should be noted that p is the number ofGARCH coefficients and q is the number 
of ARCH coefficients. To take into account higher order GARCH lag structures, four different p 
and q specifications are tested namely (1,1), (1,2), (2,I)and (2,2). The lag structure (1,1) is by far 
the most used specification in GARCH research today and the results in this master thesis are also 
consistent with this. In the selected sample of JSE listed stocks used for this research, the GARCH 
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(I, I) model best models 10 out of the IS stocks, namely, KWV Beleggings, Tiger Brands, 
Barloworld, Omni, Liberty Group, Hudaco, SABmiller, Anglo-American, FirstRand and SASOL. 
The G.A.RCH (1,2) model provided better estimation for 3 of the stocks namely, Tongaat Hulett 
and Impala Platinum, Sable; whilst the GARCH (2,1) model best described 1 stock, Nuworld and 
the GARCH (2,2) model also provided best estimation for I stock, Rainbow Chicken clearly 
showing the superiority of the symmetric GARCH (1,1) in modelling stock returns on the JSE. 
Choice of best Error Distribution 
To take into account the fat-tailed nature of stock returns the researcher further modelled the 
vo latility of the stock returns using alternative error distributions to the no nnal distribution, vvhich 
are better equipped to capture the fat -tailed nature of stock returns to assess the significance of the 
choice of error distribution used to model the stock returns. Therefore three different distributions 
are tested: nornlal distribution, student-t and the generalized error distribution (GED). 8 out of the 
15 stocks, namely KWV Beleggings, Tiger Brands, Impala Platinum, Sable, Hudaeo, SABmiller, 
FirstRand and SASOL arc best modelled by the nornlal distribution whilst 2 of the stocks; 
Nuworld and Liberty Group are best modelled by the studenfs t- distribution and the other 5 
stocks; Tongaat Hulett, Barloworld, Omni, Anglo-American and Rainbow Chicken are best 
modelled using the generalized error distribution (GED). It is clear that the normal distribution is 
adequate for modelling the vo latility 0 f stock returns this sample 0 f JS E listed stocks as there is no 
evidence that the alternative tat-tailed error distributions significantly improve the models. 
Researcher's Best GARCH Model Choice 
It should be noted that the final decision of what model to use is in the end the user's choice. 
The symmetric GARCH (1,1) is almost always a good choice for the JSE data series that we have 
imcstigated. Of course this cannot be taken as a general rt?sult as different GARCH models can be 
used depending on the nature of the stock data but, it is also worth noting that the symmetric 
GARCH (1,1) model has the advantage that it does not have convergence problems as observed in 
some of the alternative GARCH models such as the EGARCH model. The estimated parameters of 
the symmetric GARCH (1,1) are also observed to be stable. 
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With all this in perspective, it should be noted that the fundamental valuation theories in 
finance, such as the capital asset pricing models and the option pricing models for example, are 
based on some hypothesized risk-return relationship. Most of these models hold for the average 
security but they do not explain the full valuation mechanism for non-average securities. As such 
GARCH modelling holds fiJr most but not all stocks and therefore there is need to explore several 
other avenues tbat can be used to model volatility of stock returns. Several extensions to this study 
can be suggested namely Stochastic Volatility models and Regime Switching models. 
Currently, research is under way in the modelling of yolatility through the use of stochastic 
volatility methods \\hcre the evolution of the volatility is explained by a stochastic differential 
equation. This can be seen as one possible way of handling the problem that volatility is not 
constant over timc. Unlike in the GARCH modelling technique, it might be more useful to model 
stochastic phenomena on a continLloLls-time scale. These models are appealing mostly because if 
trading time is modelled as a continuum, much more powerful hedging strategies are possible than 
in the discrete time sctup as that used in GARCH modelling. Further to this, these models are 
based on the notion that stock prices follow a Brownian motion or in some instances the Poisson 
process and both can be categorized as Levy processes. The advantage with these processes is that 
they follow different paths at different instances offering the use of 'yy hat if analysis, a very 
useful tool given that it is impossible to determine future stock retums. 
Regime switching models on the other hand are based on the assumption that economic and 
financial markets seem to behave differently in different periods of time. This is used to specify 
different models for different periods. Markov models can be used for switching between these 
different models (Hamilton 1994). 
Importance of GARCH Modelling in Portfolio Construction 
The researcher observed that when a GARCH (1,1) process is included together with an AR 
(k) process, the efficient frontier plotted best resembles the Marko\,,'itz Mean-Variance Efficient 
Frontier compared to the other 2 models. There is a marked improvement to when an AR (k) term 
only (Modell) is used or vvhen a GARCH (1,1) process only (Model 2) is used. One can therefore 
conclude that GARCH modelling is of significant importance in porttolio construction. 
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Appendix A: Sensitivity Analysis 
Estimation Results for the period January 1991 to February 2003 
97 
In assessing the consistency and validity of the estimation results for the period January 1991 
to February 2008, we conduct a similar estimation process but with data for a shorter period; 
January 1991 to February 2003. All the 15 data series used for this period constitute of 146 data 
points, each data point representing the monthly price of the given stock. For purposes of 
estimation and validation of the models, data points January 1991-February 2001 are used for 
estimation and data points March 200 I-February 2003 are used for validation purposes. The 
process is identical to the one used before in Chapta 4 of this master thesis, starting with determining 
the best GARCH model, followed by determining the best lag structure, detennining the best error 
distribution and then the actual estimation having determined the best model. 
Determining the Best GARCH model from symmetric GARCH, TARCH, 
EGARCH and PARCH. 
Belo\v, the performance measures for the 4 different models for each of the 15 stocks are 
presented in tabular fom1. As in Sectioll 4.3.1 above \ve analyze the performance of each of the 
models based on the estimation pert(Jrmance measures such as the R: , AlC and SIC together with 
the forecasting performance measures such as the MAPE, MSE, MAE and TIC to determine the 
best model. The superior measure onee again is highlighted in bold. 
117.6817 117.2304 115.4318 
-2.150621 -2.122164 -2.086899 
-1.944741 -1.890549 -1.855284 
0.346662 0.339969 0.329165 
0.090175 0.090478 0.088973 
0.079091 0.079445 0.079664 
339.8388 344.7128 352.0376 
0.634513 0.634186 0.619535 
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KWV Beleggings 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
Tiger Brands 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
. -
97.22238 
-2.027164 
-1.86051 
0.146299 
0.060295 
0.047807 
263.4349 
0.590761 
72.96854 
-1.299371 
-1.090957 
0.072004 
0.138303 
0.107054 
175.6573 
0.649847 
. -
96.9143 
-2.066995 
-1.868589 
0.069909 
0.063756 
0.050812 
90.01608 
0.650162 
. - . -
101.9043 98.7832 
-2.108985 -2039627 
-1.914555 -1.845197 
0.144765 0.145135 
0.063729 0.064474 
0.050118 0.051647 
230.0248 241.8924 
0.635379 0.63586 
81.58813 71.44228 
-1.451763 -1.248846 
-1.217297 -101438 
0.091652 0.010847 
0.133894 0.139633 
0.101701 0.10349 
157.5854 103.4292 
0.666495 0.770241 
. - . -
98.64963 99.82846 
-20839 -2.110999 
-1.857149 -1.884249 
0.061204 0.046469 
0.063972 0.064906 
0.051998 0.054601 
94.42124 1020918 
0.662342 0.684175 
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-.-
100.3199 
-2051552 
-1.829347 
0.135139 
0.06296 
0.050351 
251.4479 
0.617909 
66.79002 
-1.1358 
-0.875283 
0.076989 
0.134064 
0.103479 
173.148 
0.690428 
-.-
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6869502 6902592 69.56152 
-1.348778 -1.333909 -1.345812 
-1.126573 -1.083928 -1.095831 
0.093052 0.078575 0.07986 
0.13334 0.134164 0.133541 
0.108437 0.108499 0.109087 
85.19486 82.53677 8503677 
0.620611 0.625611 0.620464 
102.7179 103.1551 101.7089 
-2.104842 -2092335 -2060198 
-1.882637 -1.842354 -1.810217 
0.295447 0.297896 0.269969 
0.063776 0.061111 0.068383 
0.050878 0.049755 0.054492 
160.6497 157.581 179.8258 
0.443178 0445891 0450023 
1194172 1194305 116.8593 
-1.938756 -1.921889 -1.877936 
-1.797106 -1.756631 -1.712678 
0.071139 0062706 0.064943 
0.19319 o 193284 0.193947 
0.143279 0.143388 0.144295 
205.597 205.5186 185.3744 
0.849579 0.850042 0.880265 
99 
PARCH 
100.9993 
-2022206 
-1.744449 
0.288129 
0.061962 
0.050076 
159.3535 
0.444636 
120.1703 
-1.917441 
-1.728575 
0.051244 
0.193512 
0.143697 
214.2933 
0.844198 
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58.85311 59.59658 59.10501 
-1.037062 -1.00184 -0.973429 
-0.8547 -0.824909 -0.771222 
-0.032069 -0.042909 -0041583 
0.094183 0.092779 0.090921 
0.066606 0.065821 0.065612 
61.19095 61.57155 57.17603 
0.878418 0.879828 0.802542 
148.5596 152.1826 150.0036 
-2.39596 -2.440044 -2.403421 
-2.255836 -2.276566 -2.239943 
0.171436 0.156335 0.167242 
0.077663 0.076612 0.076701 
0.060148 0.059583 0.059387 
150.6522 140.5894 141.535 
0.675757 0.663934 0.671327 
98.12016 101.1632 101.6395 
-1.981079 -2025016 -2.035259 
-1.817685 -1.83439 -1.844633 
0.27958 0.269117 0.271584 
0.090457 0.088603 0.09002 
0.076674 0.073727 0.075241 
138.8511 127.2381 132.2425 
0.721592 0.746614 0.733015 
100 
60.49887 
-0.980931 
-0.753448 
-0.07922 
0.091576 
0.066151 
59.36606 
0.84723 
101.5911 
-2012712 
-1.794854 
0.262183 
0.09318 
0.079546 
146.1305 
0.725346 
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SABmiller 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
Anglo-American 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
Rainbow Chicken 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
· -
109.2919 
-2.248173 
-2.05503 
0.146523 
0.056975 
0.050175 
102.9927 
0.519853 
· -
86.47329 
-1.826972 
-1.628566 
0.225336 
0.090042 
0.073814 
132.619 
0.547233 
· -
32.50166 
-0.514595 
-0.361116 
0.123748 
0.118487 
0.102475 
140.4888 
0.686338 
· -
1,1) 
109.5827 
-2.232587 
-2011852 
0.136228 
0.056566 
0.049876 
102.6622 
0.512942 
· -
86.98757 
-1.815806 
-1.589056 
0.212463 
0.089946 
0.073307 
127.4693 
0.553119 
· -
40.52541 
-0.650979 
-0.47192 
0.086344 
0.118274 
0.096382 
171.128 
0738008 
EGARCH 
109.2962 
-2.226291 
-2005556 
0.137843 
0.057317 
0.050458 
102.5178 
0.527532 
EGARC 
9305754 
-1.955346 
-1.728595 
0.169635 
0.093001 
0.075768 
152.5681 
0.511874 
. -
-"' 
42.6103 
-0.691462 
-0.512403 
0.106773 
0.113049 
0.09448 
144.3295 
0.705404 
101 
110.3366 
-2.227179 
-1.978852 
0.120958 
0.055607 
0.04897 
105.7344 
0.487571 
86.88663 
-1.790497 
-1.535403 
0.201362 
0.090837 
0.074132 
124.2007 
0.567587 
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106.5361 107.1858 108.5391 
-2.265198 -2.257145 -2.288256 
-2.038448 -2002051 -2033162 
0.45683 0.449259 0.448719 
0.076673 0.076423 0.075864 
0.055485 0.055288 0.054978 
254.0293 256.7974 253.4601 
0.557736 0.557101 0.555708 
99.71843 101.4103 97.84192 
-1.747018 -1.760197 -1.692227 
-1.544811 -1.532715 -1.464745 
0.037052 -0001897 0.001381 
0.082558 0.085535 0.08533 
0.066959 0.069665 0.068972 
90.46595 94.11542 91.25631 
0.698751 0.731892 0.757771 
102 
109.2437 
-2.281465 
-1.998027 
0.441217 
0.07733 
0.055748 
253.2169 
0.556823 
In the tables above the Log-likelihood together with Akaike's information criterion (AIC) as 
well as the Sclmarz Criterion f()r p=q= 1 are presented. Four different tl1recast measures are also 
presented to determine which model performs best on out-or-sample data. It is observed that 7 out 
of the 15 stocks, namely Tongaat-Hulett, KWV Beleggings, Tiger Brands, Impala Platinum, 
Omnia, Rainbovv Chicken and SASOL are best modelled by the symmetric GARCH; 5 stocks 
namely NU\vorld, Barloworld, Liberty Group, Hudaco and Anglo-American by the T ARCH 
model: :2 namely Sable and FirstRanc! by the EGARCH model and the remaining 1 namely 
SABmiller by the PARCH model. Evidently. from these results the superior model for modelling 
\olatility of the stock returns from the selected sample, amongst the chosen GARCH models, is 
the symmetric GARCH model as it best models the volatility of the most stocks in the sample. 
This is consistent \vith the findings in Section 4.3.1 above, further supporting previous [mdings t()r 
the JSE listed stocks. 
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Determining Best Lag Structure for the symmetric GARCH model 
103 
Having determined that the symmetric GARCH model best describes most of the stocks in the 
sample's return volatility we discard of the 3 other GARCH models and further investigate the 
best lag structure for the standard GARCH model. The best lag structure can be obtained by 
altering the ARMA p and q orders of the symmetric GARCH (p,q). Hence we investigate the 
symmetric GARCH under differcnt lag structures namely the GARCH (Ll), GARCH (1,2), 
GARCH (2,1) and GARCH (2,2) for each of the 15 stocks. Based on the forecasting ability of each 
of these 4 lag structures, we determine the best lag structure for our modelling purposes. Below are 
the perfonnance measures for the 15 diffcrent stocks based on forecasting ability for each of the 15 
stocks presented in tabular fonn. 
Hulett 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
KWV Beleggings 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
. -
117.6817 
-2.150621 
-1.944741 
0.346662 
0,090175 
0.079091 
339.8388 
0.634513 
. -
97.22238 
-2.027164 
-1.86051 
0.146299 
0.060295 
0.047807 
263.4349 
0.590761 
GARCH 
116.4173 
-2.106222 
-1.874607 
0.338883 
0.090376 
0.079907 
343.6702 
0.63315 
. -
98.20566 
-2027094 
-1.803396 
0.136853 
0.063488 
0.050982 
287.8876 
0.598164 
GARCH GARCH 
113.6942 113.4122 
-2052828 -2.027691 
-1.821213 -1.77034 
0.347223 0.34102 
0.100988 0.098593 
0.087577 0.085275 
377.7209 368.3404 
0.659438 0.655893 
GARCH GARCH 
96.42924 98.66356 
-1.98717 4 -2014912 
-1.763476 -1.763252 
0.144989 0.124981 
0.065301 0.060037 
0.052676 0.047957 
266.9773 273.9554 
0.609534 0.571084 
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Nuworld 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
Tiger Brands 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
Impala Platinum 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
· . 
72.96854 
-1.299371 
-1.090957 
0.072004 
0.138303 
0.107054 
175.6573 
0.649847 
· -
96.9143 
-2.066995 
-1.868589 
0.069909 
0.063756 
0.050812 
90.01608 
0.650162 
· . 
68.69502 
-1.348778 
-1.126573 
0.093052 
0.13334 
0.108437 
85.19486 
o 620611 
· . GARCH 
73.42453 78.41547 
-1.288491 -1.388309 
-1.054025 -1.153844 
0.05274 0013858 
0.139038 0.141694 
0.108168 0.110961 
182.5359 196.4174 
0.64751 0.645198 
· -
. -
99.34745 96.99726 
-2099941 -2045914 
-1.873191 -1.819164 
0033747 0.058166 
0.064611 0.063745 
0.049756 0050746 
89.5683 89.74933 
0.625025 0.648814 
· . . -
70.60677 70.46101 
-1.369039 -1.3658 
-1119058 -1.115819 
0.071277 0.071974 
0.140886 0.128063 
0.11237 0.105443 
83.23371 85.12769 
0.674233 0.578484 
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GARCH 
78.01159 
-1.360232 
-1.099715 
0.022022 
0.139551 
0.108345 
181.8922 
0648091 
. -
103.2965 
-2.167735 
-1.912641 
0.020054 
0.06954 
0.058148 
109.5925 
0.665422 
.. 
73.1199 
-1.402664 
-1.124908 
0.0593 
0.132492 
0107944 
84.90632 
0.606114 
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Barloworld 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
Omnia 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
Sable 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
· -
102.7179 
-2.104842 
-1.882637 
0.295447 
0.063776 
0.050878 
160.6497 
0.443178 
· -
119.4172 
-1.938756 
-1.797106 
0.071139 
0.19319 
0.143279 
205.597 
0.849579 
· -
58.85311 
-1.037062 
-0.8547 
-0.032069 
0.094183 
0.066606 
61.19095 
0.878418 
GARCH 1,2) GARCH 
97.16265 100.2084 
-1.95917 -2026854 
-1.709189 -1.776873 
0.295302 0.290135 
0.061293 0.063312 
0.048994 0.050346 
151.6033 165.6635 
0.442379 0.440303 
. - . -
121.1624 119.8556 
-1.951494 -1.929155 
-1.786236 -1.763897 
0.060963 0.06301 
0.193535 0.193083 
0.143763 0.142899 
212.9879 195.8724 
0.8462 0.854251 
. - . -
59.62261 58.86116 
-1.032452 -1.017223 
-0824039 -0.80881 
-0.073166 -0046864 
0.092452 0.094125 
0.065759 0.066499 
57.91842 61.16594 
0.848432 0.88357 
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GARCH 
99.93377 
-1.998528 
-1.720772 
0.289053 
0.060756 
0.049748 
1565248 
0.450519 
. -
121.5042 
-1.940243 
-1.751376 
0.050249 
0.193481 
0.143178 
2022073 
0.849199 
. -
59.88257 
-1017651 
-0.783186 
-0076422 
0.092811 
0.065796 
58.81192 
0.862164 
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Liberty Group 
Log Likelihood 
AIC 
SIC 
Adj. RI\2 
MSE 
MAE 
MAPE 
TIC 
SABmilier 
Log Likelihood 
AIC 
SIC 
Adj. RI\2 
MSE 
MAE 
MAPE 
TIC 
. -
148.5596 
-2.39596 
-2.255836 
0.171436 
0.077663 
0.060148 
150.6522 
0.675757 
98.12016 
-1.981079 
-1.817685 
0.27958 
0.090457 
0.076674 
138.8511 
0.721592 
.. 
1092919 
-2.248173 
-2.05503 
0.146523 
0.056975 
0.050175 
102.9927 
0.519853 
. - . -
1510609 148.5685 
-2.421192 -2.379303 
-2.257714 -2.215825 
0.161928 0.163703 
0078166 0.077771 
0.060754 0.060293 
155.0702 151.5262 
0.672983 0.674823 
101.1602 98.31267 
-2.02495 -1.963713 
-1.834325 -1.773088 
0.263219 0.27113 
0.092262 0.091831 
0.077248 0.078029 
137.1465 142.2537 
0.718436 0.722126 
. - . -
111.4461 109.3668 
-2.27354 -2.227842 
-2.052806 -2.007107 
0.062272 0.136286 
0.060717 0.057067 
0.051723 0.050265 
117.7364 102.7102 
0.523269 0.522353 
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. -
151.3694 
-2.40957 
-2.222738 
0.154212 
0.078191 
0.060865 
155.1395 
0.671117 
101.3083 
-2.006631 
-1.788772 
0.265308 
0.090166 
0.076253 
136.3275 
0.732722 
.. 
111.915 
-2.261869 
-2.013542 
0.032733 
0.060874 
0.051558 
118.8373 
0.517459 
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Anglo-American 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
FirstRand 
Log Likelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
.. 
86.47329 
-1.826972 
-1.628566 
0.225336 
0.090042 
0.073814 
132.619 
0.547233 
32.50166 
-0.514595 
-0.361116 
0.123748 
0.118487 
0.102475 
140.4888 
0.686338 
.. 
106.5361 
-2.265198 
-2038448 
0.45683 
0.076673 
0.055485 
254.0293 
0.557736 
. . . . 
92.89027 83.80547 
-1.9515 -1.742654 
-1.72475 -1.515904 
0.214756 0.198107 
0.090344 0.090828 
0.074119 0.073475 
131.0431 134.1657 
0.551943 0.57317 
32.52567 32.55164 
-0.495644 -0.496148 
-0.316585 -0.317089 
0.114345 0.114032 
0.117771 0.117209 
0.101498 0.100732 
168.4483 166.4808 
0.686931 0.687103 
GARCH 
111.8891 108.1422 
-2.365266 -2.279132 
-2.110172 -2024038 
0.438759 0.445897 
0.068308 0.072855 
0.05074 0.05369 
230.0773 243.7469 
0.545211 0.554882 
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. . 
95.36473 
-1.985396 
-1.730302 
0.182608 
0.090722 
0.074148 
143.4153 
0.51559 
GARCH 
32.56698 
-0.477029 
-0.27239 
0.104356 
0.116911 
0.100257 
165.0649 
0.687983 
GARCH 
108.0381 
-2.253749 
-1.970311 
0.434199 
0.071564 
0.052659 
234.681 
0.552666 
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99.71843 98.80172 95.58143 
-1.747018 -1.710509 -1.64917 
-1.544811 -1.483027 -1.421688 
0.037052 0.024245 -0039507 
0.082558 0.090819 
0.066959 0.071404 
90.46595 111.752 
0.698751 0.64427 
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GARCH 
99.2025 
-1.699095 
-1.446337 
0.025021 
0.082451 
0.0662 
89.04041 
0.696651 
Although the GARCH (1,2) model provided better estimation for 4 of the stocks namely, 
Tiger Brands, Barloworld, Sable and FirstRand; whilst the GARCH (2,1) model best described 2 
stocks. Impala Platinum and Omnia and the GARCH (2,2) model also provided better estimation 
telr 2 stocks, Hudaco and SASOL, the results obtained were consistent with what is commonly 
observed in modelling volatility of financial data and that is the fact that the GARCH (1,1) 
specification is adequate to capture the correlation in the squared returns of the stocks. In the 
selected sample ofJSE listed stocks used for this research, the GARCH (1,1) model best models 7 
out of the 15 stocks, namely, Tongaat-Hulett, KWV Beleggings, Nuworld, Sable, Liberty Group, 
SABmiller and Anglo-American. 
Determining Best Distribution for Modelling with GARCH (1,1) 
Further to the findings above we would also like to determine if modelling the volatility of the 
stock returns using other error distributions which are fat-tailed, instead of the standard normal 
distribution, such as the student's t-distribution and the generalized error distribution (GED) vvould 
impro\"C the model. I f indeed there is an improvement in the forecasting ability 0 f the model then 
\\e can conclude for the purposes of this research that the specific error distribution is superior to 
the normal distribution in modelling the volatility of the selected sample of JSE stocks. We 
tabulate the results of the investigation below for each of the 15 JSE stocks, for the period Jan 
1991 to February 2003 and using the same forecasting performance measures as before we select 
the best distribution to model the volatility of the stock returns. 
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Tongaat Hulett 
Log Ukelihood 
AIC 
SIC 
Adj. RI\2 
MSE 
MAE 
MAPE 
TIC 
KWV Beleggings 
Log Ukelihood 
AIC 
SIC 
Adj. RI\2 
MSE 
MAE 
MAPE 
TIC 
Nuworld 
Log Ukelihood 
AIC 
SIC 
Adj. RI\2 
MSE 
MAE 
MAPE 
TIC 
Normal Distribution Student's t-dlstrlbutlon Generalized Error Distribution (GED) 
117.6817 117.3968 117.1356 
-2.150621 -2.125428 -2.120305 
-1.944741 -1.893813 -1.88869 
0.346662 0.347382 0.343993 
0.090175 0.096467 0.097454 
0.079091 0.083919 0.085831 
339.8388 366.3698 365.6466 
0.634513 0.649953 0.649836 
Normal Distribution 
97.22238 96.34513 96.34993 
-2.027164 -1.985284 -1.985392 
-1.86051 -1.761586 -1.761694 
0.146299 0.1448 0.14478 
0.060295 0.065371 0.065393 
0.047807 0.052576 0.052592 
263.4349 251.965 251.8351 
0.590761 0.618124 0.61834 
Normal Distribution Student's t-dlstrlbutlon Generalized Error Distribution (GED) 
72.96854 75.26521 76.17566 
-1.299371 -1.325304 -1.343513 
-1.090957 -1.090839 -1.109048 
0.072004 0.094584 0.089823 
0.138303 0.133959 0.133677 
0.107054 0.102567 0.10212 
175.6573 147.6948 142.497 
0.649847 0.69515 0.71578 
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Tiger Brands 
Log Ukelihood 
AIC 
SIC 
Adj. RI\2 
MSE 
MAE 
MAPE 
TIC 
Impala Platinum 
Log Ukelihood 
AIC 
SIC 
Adj. RI\2 
MSE 
MAE 
MAPE 
TIC 
Barloworld 
Log Ukelihood 
AIC 
SIC 
Adj. RI\2 
MSE 
MAE 
MAPE 
TIC 
Normal Distribution Student's t-distribution Generalized Error i 
96.9143 96.91288 97.25023 
-2066995 -2043974 -2051729 
-1.868589 -1.817224 -1.824979 
0.069909 0.058168 0.056559 
0.063756 0.063759 0.064129 
0.050812 0.050819 0.051199 
9001608 9001385 89.55274 
0.650162 0.650257 0.652477 
Normal Distribution Student's t-dlstrlbutlon Generalized Error Distribution (GED) 
68.69502 69.57596 69.46562 
-1.348778 -1.346132 -134368 
-1.126573 -1096151 -1.093699 
0.093052 0.077553 0.075793 
0.13334 0.132409 0.133557 
0.108437 0.10774 0.107825 
85.19486 8405792 82.64743 
0.620611 0.607891 0.61531 
Normal Distribution Student's t-dlstrlbutlon Generalized Error Distribution (GED) 
102.7179 102.1148 105.4062 
-2.104842 -2069219 -2.142361 
-1.882637 -1.819238 -1.89238 
0.295447 0.294113 0.290202 
0.063776 0.062545 0.063681 
0.050878 0.05025 0.051033 
160.6497 158.1504 163.534 
0.443178 0.443248 0.443691 
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Omnia 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
Sable 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
Liberty Group 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
• •• 'bution Student's t-distribution Generalized Error Distribution 
119.4172 117.9528 119.5793 
-1.938756 -1.896629 -1.924433 
-1.797106 -1.731371 -1.759175 
0.071139 0.057574 0.065292 
0.19319 0.195104 0.193675 
0.143279 0.145552 0.143719 
205.597 174.4764 190.5604 
0.849579 0.902181 0.868006 
Normal Distribution Student's t-dlstrlbutlon Generalized Error Distribution (GED) 
58.85311 6111294 76.2875 
-1.037062 -1062259 -1.36575 
-0.8547 -0.853845 -1.157336 
-0.032069 -0.034368 -0.027856 
0.094183 0.093596 0.093639 
0.066606 0.066117 0.066483 
61.19095 59.68526 57.98469 
0.878418 0.86039 0.812117 
Normal Distribution Student's t-dlstrlbutlon Generalized Error Distribution (GED) 
1485596 148.5595 148.5624 
-2.39596 -2.379151 -2.379201 
-2.255836 -2.215673 -2.215723 
0.171436 0164043 0.163853 
0.077663 0.077662 0.077697 
0.060148 0.060147 0.060184 
150.6522 150.6449 150.9117 
0.675757 0.675763 0.675668 
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Hudaco 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
SABmiller 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
Anglo-American 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
Normal Distribution Student's t-distribution Generalized Error Distribution 
98.12016 98.87888 98.51625 
-1.981079 -1.97589 -1.968091 
-1.817685 -1.785264 -1.777466 
0.27958 0.272348 0.272327 
0.090457 0.090682 0.090557 
0.076674 0.076693 0.076468 
138.8511 138.1535 137.362 
0.721592 0.724633 0.724956 
• •• ent's t-distribution G 
109.2919 107.8784 107.9648 
-2.248173 -2.19513 -2.197028 
-2.05503 -1.974395 -1.976293 
0.146523 0.127258 0.127052 
0.056975 0.056388 0.056429 
0.050175 0.049889 0.049836 
102.9927 104.7714 104.4066 
0.506768 0.519853 0.507399 
Normal Distribution Student's t-dlstrlbutlon Generalized Error Distribution (GED) 
86.47329 90.16153 
-1.826972 -1.888771 
-1.628566 -1.662021 
0.225336 0.212786 
0.090042 0.091734 
0.073814 0.074763 
132.619 124.8678 
0.547233 0.587027 
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FirstRand 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
SASOL 
Log Ukelihood 
AIC 
SIC 
Adj. RA2 
MSE 
MAE 
MAPE 
TIC 
Generalized Error Distribution 
32.50166 33.70823 34.39453 
-0.514595 -0.518606 -0.531933 
-0.361116 -0.339547 -0.352873 
0.123748 0.114107 0.110429 
0.118487 0.1158 0.111638 
0.102475 0.09977 0.094577 
140.4888 164.5388 150.7081 
0.686338 0.677725 0.67678 
Normal Distribution Student's t-dlstrlbutlon Generalized Error Distribution (GED) 
106.5361 106.5336 106.54 
-2.265198 -2.242151 -2.242298 
-2.038448 -1.987057 -1.987204 
0.45683 0.449861 0.450052 
0.076673 0.076679 0.076862 
0.055485 0.055489 0.055606 
254.0293 254.051 255.0159 
0.557736 0.557755 0.558346 
Normal Distribution Student's t-dlstrlbutlon Generalized Error Distribution (GED) 
99.71843 99.7305 100.5564 
-1.747018 -1.7282 -1.743931 
-1.544811 -1.500718 -1.516449 
0.037052 0.030533 0.035587 
0.082558 0.082303 0.081788 
0.066959 0.066647 0.066038 
90.46595 89.90774 88.75999 
0.698751 0.696981 0.693768 
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approximation to the empirical unconditional density of 8 out of the 15 stocks. The stocks 
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Tongaat-Hulett, KWV Beleggings, Tiger Brands, Omnia. Hudaco, SABmiller, Anglo-American 
and FirstRand are best modelled by the norn1al distribution whilst 3 of the stocks; Impala 
Platinum, Barloworld and Liberty Group are best modelled by the student's {- distribution and the 
other 4 stocks: Nuworld, Sable, Rainbow Chicken and SASOL are bcst modelled using the 
generalized error distribution (GEO). Though there has been so much research into the use of other 
error distributions which are better equipped to capture the fat-tailed nature of stock returns and 
evidence to support the use of these distributions. there \\'<1S no significant incentive to use 
alternative distributions as the majority of the stocks in the sample were best modelled using the 
normal distribution. This again is consistent with the findings in Section 4.3.3 above. 
Estimated Parameters 
Having determined that the symmctric GARCH (1, I) modelled with the 1'\onnal distribution 
is the best model to implement for modelling the volatility of the sample ofJSE listed stocks used 
for this research for the period January 1991 to February 2003, we proceed to estimate the 
variance equation parameters below. The technique used in estimating GARCH models involves 
the maximization of a likelihood function constructed under the assumption 0 fan i.i.d distribution 
for the standardized innovations. The estimated parameters are tabulated below. 
Tongaat - Hulett 
C 
RESIO(-1)"2 
GARCH(-1) 
KYVV Beleggings 
C 
RESIO(-1)"2 
GARCH(-1 ) 
Nuworld 
C 
RESIO(-1)"2 
GARCH(-1) 
Coefficient 
0.000224 
-0.091129 
1.068084 
Coefficient 
0.000825 
0.245788 
0.671084 
Coefficient 
0.000391 
0.27355 
0.739221 
Std. Error 
1.81 E-06 
0.000897 
0.000608 
Std. Error 
0.001038 
0.161802 
0.211238 
Std. Error 
0.000581 
0.10056 
0.090674 
z-Statistic 
123.7861 
-101.612 
1755.695 
z-Statistic 
0.794203 
1.51907 
3.176912 
z-Statistic 
0.671701 
2.720254 
8.152486 
Prob. 
o 
o 
0.0000 
Prob. 
0.4271 
0.1287 
0.0015 
Prob. 
0.5018 
0.0065 
0.0000 
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Tiger Brands 
C 
RESIO(-1)"2 
GARCH(-1) 
Impala platinum 
C 
RESIO(-1)"2 
GARCH(-1) 
Barloworld 
C 
RESIO(-1)"2 
GARCH(-1 ) 
Omnia 
C 
RESIO(-1)"2 
GARCH(-1) 
Sable 
C 
RESIO( -1 )"2 
GARCH(-1) 
Uberty Group 
C 
RESIO(-1)"2 
GARCH(-1) 
Coefficient 
0.000878 
0.124404 
0.736593 
Coefficient 
0.005031 
0.041481 
0.566177 
Coefficient 
0.014573 
-0.049043 
-0.961573 
Coefficient 
0.000867 
0.09191 
0.802888 
Coefficient 
0.001699 
0.345028 
0.597309 
Coefficient 
0.000459 
0.1538 
0.761556 
Std. Error 
0.001224 
0.116997 
0.266358 
Std. Error 
0.023804 
0.164742 
1.979401 
Std. Error 
0.002475 
0.007674 
0.015538 
Std. Error 
0.001203 
0.092423 
0.213353 
Std. Error 
0.000595 
0.150232 
0.098672 
Std. Error 
0.000516 
0.087924 
0.169251 
z-Statistic 
0.717303 
1.063305 
2.765426 
z-Statistic 
0.211346 
0.251795 
0.286035 
z-Statistic 
5.888527 
-6.39093 
-61.88468 
z-Statistic 
0.720223 
0.994456 
3.763197 
z-Statistic 
2.85763 
2.296634 
6.053488 
z-Statistic 
0.889301 
1.749249 
.4.499566 
Prob. 
0.4732 
0.2876 
0.0057 
Prob. 
0.8326 
0.8012 
0.7749 
Prob. 
o 
o 
0.0000 
Prob. 
0.4714 
0.32 
0.0002 
Prob. 
0.0043 
0.0216 
0.0000 
Prob. 
0.3738 
0.0802 
0.0000 
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Hudaco 
C 
RESID( -1 )A2 
GARCH(-1) 
SABmiller 
C 
RESID(-1Y2 
GARCH(-1 ) 
Anglo-American 
C 
RESID(-1Y2 
GARCH(-1) 
Rainbow Chicken 
C 
RESID(-1)A2 
GARCH(-1) 
FirstRand 
C 
RESID( -1 )A2 
GARCH(-1) 
SASOL 
C 
RESID(-1Y2 
GARCH(-1) 
Coefficient 
0.001776 
0.096893 
0.655056 
Coefficient 
0.000533 
0.246556 
0.682828 
Coefficient 
0.000511 
0.106122 
0.828052 
Coefficient 
0.003711 
0.106825 
0.786813 
Coefficient 
2.85E-03 
-0.043986 
0.482256 
Coefficient 
-2.16E-05 
-0.050366 
1.065958 
Std. Error 
0.002853 
0.118081 
0.485504 
Std. Error 
0.000657 
0.201492 
0.23619 
Std. Error 
0.000641 
0.081963 
0.106476 
Std. Error 
0.004595 
0.101914 
0.194443 
Std. Error 
0.009357 
0.115672 
1.816031 
Std. Error 
0.000207 
0.045146 
0.062927 
z-Statistic 
0.622637 
0.820562 
1.34923 
z-Statistic 
0.810831 
1.223656 
2.891012 
z-Statistic 
0.796856 
1.294753 
7.776891 
z-Statistic 
0.807737 
1.048195 
4.0465 
z-Statistic 
0.305018 
-0.380264 
0.265555 
z-Statistic 
-0.104279 
-1.115633 
16.93968 
Prob. 
0.5335 
0.4119 
0.1773 
Prob. 
0.4175 
0.2211 
0.0038 
Prob. 
0.4255 
0.1954 
0.0000 
Prob. 
0.4192 
0.2945 
0.0001 
Prob. 
0.7604 
0.7037 
0.7906 
Prob. 
0.9169 
0.2646 
0.0000 
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The estimated GARCH parameters are significant \vithin the 5% range for all the 15 stocks 
with the exception of the parameters estimated for Tongaat Hulett, Impala Platinum, Bar!o\vorld, 
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FirstRand and SASOL. This, as is observed in Sectioll 4.3.4, is sohed by including more data 
points as \vas done in the estimation fc)r the period January 1991 to February 2008 in which 206 
data points were used instead of the 146 data points used in this estimation which is for the period 
January 1991 to February 2003. Clearly it is observed that, the GARCH models are sensitive to the 
number of data points used in the estimation, as more data points make the models more stable. 
However, it can still be concluded that the GARCH 1, I modelled with the normal distribution 
estimates the best GARCH parameters amongst the models examined for JSE listed stocks. 
Hence, gIven the consistency of these results with those obtained in Chapter 4 one can 
conclude that the results obtained for the estimation of volatility of JSE listed stocks are reliable 
for the period under investigation. 
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Appendix B: 
lVlatlab Program for Stock Data Analysis 
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Appendix C: 
E-views Program used in modelling of volatility in the Stock Prices 
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E-views Program used for determining the Covariance Matrices for 
plotting the Efficient Frontiers 
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Appendix E: 
~latlab Program used for plotting the Efficient Frontiers 
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